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Abstract

Learning and Searching Methods for Robust, Real-Time Visual Odometry

by
Andrew Ross Richardson

Accurate position estimation provides a critical foundatia for mobile robot per-
ception and control. While well-studied, it remains di cult to provide timely, precise,
and robust position estimates for applications that operat in uncontrolled environ-
ments, such as robotic exploration and automated driving. @tinuous, high-rate
egomotion estimation is possible using cameras aMisual Odometry (VO), which
tracks the movement of sparse scene content known as imadggpoints or features
However, high update rates, often 30 Hz or greater, leave lgticomputation time per
frame, while variability in scene content stresses robusss. Due to these challenges,
implementing an accurate and robust visual odometry systememains di cult.

This thesis investigates fundamental improvements throingut all stages of a vi-
sual odometry system, and has three primary contributionsThe rst contribution
is a machine learning method for feature detector design. iEhmethod considers
end-to-end motion estimation accuracy during learning. Gmequently, accuracy and
robustness are improved across multiple challenging dagds in comparison to state
of the art alternatives. The second contribution is a propesl feature descriptor,
TailoredBRIEF, that builds upon recent advances in the eld n fast, low-memory
descriptor extraction and matching. TailoredBRIEF is an insitu descriptor learning
method that improves feature matching accuracy by e cienty customizing descrip-
tor structures on a per-feature basis. Further, a common asynetry in vision system
design between reference and query images is described axuloited, enabling ap-
proaches that would otherwise exceed runtime constrainthe nal contribution is
a new algorithm for visual motion estimation: Perspective Agdnment Search (PAS).
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Many vision systems depend on the unique appearance of feas during matching,
despite a large quantity of non-unique features in otherwasbarren environments.
A search-based method, PAS, is proposed to employ featuresathack unique ap-
pearance through descriptorless matching. This method soines visual odometry
pipelines, de ning one method that subsumes feature mataid, outlier rejection, and
motion estimation.

Throughout this work, evaluations of the proposed methodsna systems are car-
ried out on ground-truth datasets, often generated with cuem experimental plat-
forms in challenging environments. Particular focus is pt&d on preserving runtimes
compatible with real-time operation, as is necessary for pleyment in the eld.
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Chapter 1

Introduction

Real-time position estimation is a fundamental problem inabotics that enables appli-
cations such as mapping, planning, and control. Estimates the motion over a short
time horizon, on the order of a few seconds, enable sensoradad be accumulated to
provide a more detailed description of the surrounding emanment or to distinguish
between the static and dynamic parts of the scene. Estimated the motion over a
longer horizon, on the order of minutes or hours, allow robsto collaborate on large
map-building tasks and minimize duplication of e ort. Low{atency, local position
estimates are important for stable, high-speed control, vik low-rate, global position
estimates are critical to relate prior map data, such as ratence trajectories or scene
structure, to the robot's current state, such as its currenposition or live sensor data.
For a mobile robot de ned by its ability to move throughout the world, knowledge of
its own motion is critical.

Robustly estimating a mobile robot's position is di cult. D ead-reckoning with a
combination of wheel odometers, gyroscopes, and acceleetens can provide satis-
factory estimates for short-term goals in favorable conddns. However, continuous
integration alone of the noisy and biased velocity and aceehtion measurements
available from consumer-grade devices leads to positioniftithat is unsuitable for
sustained navigation. A solution to position estimate drifpopular since antiquity is
celestial navigation | position estimation on the surface d the Earth using observa-
tions of the stars [1]. A host of related approaches use obgdrle landmarks whose
positions are known (or assumed) to be xed, through which dt in a dead-reckoned
position estimate can be observed and rejected. Alternatiye if the landmarks are
reliably observed and readily detected, position estimagecan be computed without
the use of additional measurements.



The Global Positioning System (GPS) is one such landmark-bad solution [2].
It uses active electronic beacons, calculating positionrtugh inference involving the
time of ight for each signal. GPS is widely available, but itis sensitive to ionospheric
distortions and the re ection of signals within urban canyas. It fails when line-of-
sight paths to four or more satellites are not available, asside tunnels or buildings.
This poses a problem for robots operating in mixed indoor/adoor environments and
automated vehicles operating in cities.

Figure 1.1 shows an example of a robotic system that motivatatlis work and
operated in the challenging physical environments desced previously. This system,
the University of Michigan's winning entry to the MAGIC 2010 mbotics challenge,
highlighted the need for position estimation systems robti$o rough terrain in un-
known environments.

Figure 1.1: The team of ground robots that formed the University of Michigan's entry in
the MAGIC 2010 robotics competition. © 2012 Wiley Periodicals, Inc.

In MAGIC 2010, the University of Michigan's 14 small (26 inch 20 inch) ground
robots autonomously mapped an urban fairgrounds with liméd, remote human over-
sight [3]. These robots, with a top speed of 1.2 m/s, exploradis 500 m 500 m
mixed indoor-outdoor course in 3.5 hours while stopping foumerous reconnaissance
objectives. A centralized ground station coordinated the uiti-robot exploration and
mapping tasks, fusing individual maps derived from robot&IDAR data into a shared,
global map.

This di cult challenge combined multi-robot mapping, planning, perception and
control. These maps enabled autonomous, coordinated exglbon in this unknown
environment by providing a uni ed representation for multirobot planning and for
avoidance of simulated threats. However, these maps posseskcal distortions re-
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sulting from wheel odometry inaccuracies, which occurreds a result of the uneven
terrain. Figure 1.2 shows an aerial camera view and the mapgiesmted during the
competition.

(a) Aerial view

Figure 1.2: Global, multi-robot maps from the MAGIC 2010 robotics competition [3]. The
course was divided into threephasesof increasing di culty, as shown in (b). Some geometric
distortion is present in the nal live map estimates due to inaccurate odometry estimates.
Note the distortion in the bottom-left of Phase 1 or top-right of Phase 2. © 2012 Wiley
Periodicals, Inc.

Camera-based approaches to motion estimation have beenlvetlidied [4, 5, 6, 7]
and can make use of low-cost sensors and compute platformsanyl of these methods
are formulated in terms of image featuredetection description, and matching to
decompose the image-based motion estimation problerReatures visual landmarks
corresponding to geometric primitives such as corners, adetectedin the image
by selecting local maxima of a response function. This redeg the dense, regular
array of intensity values in the image to a small number of disete elements with
known geometric properties, such as position or orientatio Between multiple images,
features arematched by selecting correspondences that minimize an error funeti
between two featuredescriptors These descriptors summarize the image appearance
surrounding the feature in order to provide robustness to @momena that a ect the
appearance of the image as a whole, such as viewpoint or liglat change.

Visual Odometry (VO) is a method that tracks the frame-to-frame motion of
features to provide a high-rate estimate of the incrementalamera motion [6]. The
feature correspondences between frames provide the coasiis used to simultane-
ously solve for the 3D feature positions and the 6 Degree ofeledom (6-DoF) camera
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motion. One camera is su cient given enough correspondersebut there are ad-
vantages to multi-camera approaches. In thstereo case, using two cameras with an
overlapping eld of view, the position of each image featureelative to the cameras
may be computed for every image pair [8], given that correctdture correspondences
have been formed.

Visual motion estimation methods are capable of providing aarate, high-rate
position estimates in conditions where dead-reckoning a@PS fail. Yet, implement-
ing such a system remains di cult due to trade-o s between rmtime, accuracy, and
reliability. Further, these trade-o s are present at each ge in a motion estima-
tion pipeline | the type of features detected, the represenation used to describe
them, and the methods to compute correspondences and regotlie camera motion
all impact the performance of the system.

This thesis develops unique approaches for detection, deston, and motion
estimation in the visual odometry context. An emphasis is pteed on real-time, stereo
approaches using low-cost sensors and operation in chajjenrg environments.

1.1 Thesis Overview

Building a visual odometry system remains challenging beese of confounding fac-
tors such as environmental variability and because of thedde-o s between detection
repeatability, matching accuracy, runtime, frame rate, meory overhead, and simplic-
ity. This thesis improves the state of the art by investigathg new methods for every
stage of a feature-based visual odometry pipeline and thrglu a unique focus on both
descriptor-based and descriptorless visual motion estiti@. An emphasis is placed
on preserving runtimes compatible with high frame rate, rddime use, as is expected
for robots operating in the eld.
The key contributions of this thesis are:

" Chapter 3 : A method for feature detector design that, in an o ine setting,
learns a detector to maximize the accuracy of a target visuadometry pipeline
using ground-truth, camera-in-hand datasets in everydagD environments

" Chapter 4 : A method for online feature descriptor learning that e ectively
performs per-feature customization of the descriptor sarlipg pattern. This
method, TailoredBRIEF, improves upon recent advances in iahsity-comparison
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descriptors by addressing the sensitivity of speci c compigaons to small changes
in viewpoint, increasing the overall feature matching aceacy

Chapter 5 : An alternative, search-based formulation for sparse, faate-based
visual odometry. This approach, Perspective Alignment Seer (PAS), e -
ciently utilizes indistinct visual features that are plentful in otherwise feature-
de cient indoor environments. These indistinct edge feates would confound
descriptor-based matching in a traditional odometry apptiation, but are suc-
cessfully used in PAS through a descriptorless formulationnd whole-scene
alignment objective.



Chapter 2

Background

Position estimation using one or more cameras requires andemstanding of the math-
ematical model used to describe image formation and the atgbms used to transform
the raw image data into a form suitable for motion estimation

2.1 Image formation

The dominate model for image formation in computer vision ishie pinhole camera
model [8]. In the pinhole model, rays of light pass through a in niesimally small
hole, oraperture, in a thin medium and strike an imaging plane. This is consided a
perspective projection The image is formed by measuring the light received for each
pixel on the plane.

A small aperture is necessary to create a clear, sharp imad#ithout an aperture,
di use re ections would scatter light from a single source eross the image plane,
resulting in measurements at each pixel without a unique soxe. The aperture serves
to permit only a subset of the available light and generate aoberent image.

The pinhole camera model can be described in terms of the gimsi of a 3D point,
X =[X;Y;Z]", and the camera parameters, including the focal length$,( f,) and
optical center (c;c,). Projecting through the pinhole model yields a coordinatén
pixels, (px; py). An illustration of this model is shown in Figure 2.1.

X

Px = fo"' Cx (2.1)
Y

b=ty tg 22



Frequently, the pinhole model in Equations 2.2 is instead deribed in terms of
the intrinsics matrix, K, )

3
fx 0 ¢
K:QO fy cyg (2.3)
0O 0 1

which relates the camera frame and image coordinates for aiptoX = [X;Y;Z]
linearly, up to scale (subject to the constraint thatp,, = 1).

PPy pul’ = K X (2.4)

In practice, most cameras deviate from the pinhole camera ohel. Small apertures
yield crisp images, but also permit little light to strike the image sensor. Consequently,
most cameras use a lens to focus additional light into a crispmage. This yields an
image with less noise, but results in imagdistortion whereby the image cannot be
described by the pinhole camera model, alone [8]. Once distal, straight lines
as projected under the pinhole camera model appear bent agsothe image. For
problems in metrical computer vision, understanding and migating the e ects of
lens distortion is necessary to produce accurate and meagiiual results.

(a) Pinhole model (b) Resulting image

Figure 2.1: lllustration of the ideal pinhole camera model. Relative tothe scene, the image

appears ipped on the image plane as a consequence of light passing throughe pinhole
camera aperture

Imaging lenses are engineered to be axially symmetric abdiie principal axis.
When mounted with the axis of symmetry perpendicular to the imag plane, it is
typically su cient to express the image distortion as a polyomial function of a dis-
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tance from the optical center of the image or, similarly, as aunction of the angular
deviation from the principal axis. The parameters of this plgnomial, as well as the
focal length and focal center parameters, make up what arellea the intrinsic pa-
rameters of the camera. In addition, theextrinsic parametersdescribe the position
of the camera with respect to the origin in some coordinate sem, be it another
camera, the center of a robot, or a map. These intrinsic and &xsic parameters can
be estimated in a process known asmmera calibration[9, 10, 11, 12]. Camera cali-
bration is a eld unto itself, and we have demonstrated expése in this area through
the development of a state-of-the-art camera calibrator lawn as AprilCal [12].

Once all intrinsics parameters are known, the e ects of lendistortion can be
properly predicted by an application. Alternatively, the dstortion can be removed
using imagerecti cation , which resamples the image according to a distortion-free
camera model. An example of a distorted and recti ed image ifiswn in Figure 2.2.
Note that the straight lines on the rectangular grid appear saight in the recti ed
image, as is easily predicted by the pinhole model.

(a) Distorted (original) (b) Recti ed (resampled)

Figure 2.2: A distorted camera image and an equivalent image with distortionremoved.
Bilinear interpolation is used to resample a recti ed image from the oiginal, distorted
version.

The perspective imaging process loses an important quagtif scene depth.
While ray direction for each pixel is determined through cdbiration, the distance
to the scene along the ray is unknown. This depth can be recogd if more is known
about the geometry of the scene, or if multiple views are alable.

Points in a planar environment can be related to an image of éhscene through



a two-dimensionalhomography The 3 3 homography matrix,H, relates two corre-
sponding homogenous points in the imag®, and x° such that x°= Hx , up to scale.

Homographies can be used to create synthetic, ortho-rectdeviews of a plane, or to
map between image coordinates for two images of a planar seeirfrigure 2.3 shows
an image of a planar roadway and the corresponding top-dowarthographic view

computed by resampling the original image with a homography

N
I

vy \l

(a) Perspective view (b) Resampled

Figure 2.3: Images before and after resampling with a homography. A top-dowmiew of
a painted street is synthetically computed by sampling uniformly-spaced values using a
homography.

In the case of two cameras, the unknown depth of a point in therst image
projects into the second image as aepipolar line [8]. Thus, the distance to a point
observed in the rst image can be recovered if the correspand point is found in
the second image. This search along the epipolar line is siimgd through stereo
recti cation [8]. In stereo recti cation, a pair of images are resampledghat lens
distortion is removed and the epipolar lines lie horizontdl [13]. This reduces the
search along an arbitrary epipolar curve or line in the secdnmage to a search along
the corresponding row. Figure 2.4 illustrates these scenasi

The di erence in x coordinates for a point in two stereo-recti ed imagey,  Px1,
is known as thedisparity. Recovery of the full depth map for a stereo image pair
is known asdense disparity estimation sometimes calleddense stereo Quantitative
evaluation of many dense disparity estimation methods is avable from Scharstein et
al. [14, 15, 16, 17], including the well-known Semi-Global &fching (SGM) approach
from Hirschmualler [18]. Figure 2.5 shows a sample image andogind-truth depth
map.

For many motion estimation systems, the dense solution is tikequired and sparse
stereo methods are used instead.



Figure 2.4: Epipolar geometry and stereo recti cation. (Top) lllustrati on of epipolar ge-
ometry. The camera centersc; and c; are connected by a line through the epipoleg; and
& called the baseline The projections of the 3D point X lies on the epipolar linesl; and
l,. (Bottom) Through stereo recti cation, the image is resampled so that the epipolar lines
are horizontal and occupy corresponding rows. This allows algorithms t@mperate on only
corresponding scanlines when performing disparity estimation.

2.2 Image features

Images are composed of a dense, regular array of intensityngdes, typically totaling
hundreds of thousands to millions of samples. To deal with sln a large amount of
data, feature-based methods reduce the image to a set of dite image primitives,
such as points, lines, or uniform regions. The presence anabsfiion of these primitives,
or imagefeatures are extracted through the use of deature detector Local feature
appearance is summarized using feature descriptor Detectors and descriptors are
designed to providanvariant performance against various physical phenomena, yield-
ing repeatable detection or identical descriptions desgitscene lighting or viewpoint
variations.

A number of invariant properties are commonly described inhe literature:

" Lighting : Invariance to additive o sets and multiplicative scale fators in
recorded lighting levels

" Translation : Invariance to feature position within an image

" Scale: Invariance to size changes for image features ( xed aspeatio). This is
a consideration for region (blob) features with de ned ext&s. Scale-invariant

10



Figure 2.5: Color and corresponding dense disparity image from Scharsteipt al. [16].
Reproduced with permission.

detection reports a local extrema in a joint position and sd¢a space. Scale-
invariant description summarizes an image area that varias size proportional
to a feature's scale.

Rotation : Invariance to in-plane rotation of the image. For descrigrs, the
dominant orientation may be estimated to enable extractiorof a rotation-
corrected descriptor.

Ane : Invariance to the combined e ects of translation, rotatim, and scaling,
particularly with a variable aspect ratio. In practice, it is used to increase
robustness to out-of-plane rotation.

Features are categorized by the type of geometric primitiveepresented. Broadly
speaking, point features require the least computation arttius incur the lowest run-
times, while blob features possess the greatest level ofanance. Consequently, point
features are more common in high-rate video applications®&uas visual odometry,
while blob features are used frequently for visual searchbject recognition, place
recognition, and so on. Figure 2.6 shows examples of the thfeature categories.

" Points & Corners : Harris [19], FAST [20, 21], convolutional lters [22, 23],
or ORB [24]

" Lines: Canny edge detector [25]

" Blobs & Regions : SIFT [26], SURF [27], CenSurE [28], MSER [29]

11



(a) Point features (b) Line features (c) Blob features

Figure 2.6: Feature detections for three common image feature categories. efections
denoted by orange points, lines, or circles

In this thesis, the term feature is used to refer to a detected image primitive,
which has an associated image and position, and which optally has an associated
descriptor. The portion of the image immediately surroundig a feature detection is
a pixel patch which is sometimes used directly as a feature descriptor. Agrks in
the literature vary in focus on one or both aspects of the detBon and description
problems, a categorization for a selection of methods is prded below.

" Detector-only : Harris [19], FAST [20, 21], CenSurE [28], learned detectors
from Trujillo and Olague [30], convolutional lters [22, 23

A

Descriptor-only : Pixel patch, DAISY [31], learned descriptors from Brown et
al. [32], BRIEF [33]

" Detector & Descriptor : SIFT [26], SURF [27], ORB [24], BRISK [34]

The performance of feature detectors and descriptors areadyrzed by a number
of metrics. These metrics includeepeatability, the degree to which features detected
in a reference image are detected in other images of the samatent, precision, the
fraction of computed matches that are true correspondencgeand recall, the frac-
tion of features for which true correspondences exist thatare matched correctly.
Other criteria include computation time for various stagegdetection, description,
and matching), and the memory footprint required to store dgcriptors or transfer
them throughout the system.
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2.3 Feature-based methods

Image features are useful in a wide range of applicationscinding Visual Odom-
etry (VO) [6, 35, 36, 23], Visual Simultaneous Localization Ash Mapping (Visual
SLAM) [4, 5, 7, 37], bundle adjustment [38, 8, 39], place reaagon [40], object
recognition [41], and dense reconstruction [31].

Motion and location estimation are a common theme throughawisual odometry,
visual SLAM, bundle adjustment, and place recognition. The&smethods dier in
scope | in visual odometry, only the frame-to-frame camera notion is estimated [6,
22], while in visual SLAM and bundle adjustment, the joint estmation problem is
solved using many camera positions and many more featurea. RSLAM, Mei et al.
presented a constant-time, large-scale mapping method tailtl visual maps online
in a relative coordinate frame [7], balancing metrical accacy and the scalability of
map updates as the mapped area grows. In the bundle adjustm@&womain, Agarwal
et al. presented a method to perform city-scale visual mapm o ine using images
scraped from the web [38].

The limited time-horizon of visual odometry and sliding-wadow visual SLAM
formulations provide a mechanism for runtime control at theexpense of global pose
accuracy. While Agarwal et al.'s method was designed to recéngt a city o ine,
across many cores, and over the course of a day [38], many alsadometry and visual
SLAM methods are intended for in-situ, real-time use [6, 22, B7].

Alternative formulations to live egomotion estimation are ive localization and
place recognition. Such methods make use of prior maps whican be built ahead
of time, o ine, using more data, time, and computational re®urces than would be
available online. At runtime, these methods estimate the ctent map position, either
globally, which is known as the \kidnapped robot problem”, olocally, using available
pose priors. Consequently, visual odometry and visual |d@aation are complemen-
tary, as visual localization can reject the slow pose drifbicurred by a visual odometry
application. One example of place recognition is FAB-MAP | an gppearance-based,
bag-of-words visual place recognition application that rarsively estimates the proba-
bility of revisiting a location given the re-observation ofjuantized visual features [40].

The precise usage of image features di ers by applicatiom Visual odometry, high
frame rates and constant velocity assumptions limit the pagble feature motion within
the image, which allows less distinctive image features tetused. Some applications
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simply perform a dense search about the pose prior using a@iypatch descriptor [5].
Closing loops in visual SLAM, however, involves greater réige position uncertainty.
Consequently, features with greater invariances are ty@tly used, such as the scale-
invariant SURF features used in FAB-MAP [40].

A typical visual odometry application tracks image featureshrough a video and
estimates the camera motion and feature positions using LsaSquares or a similar
method. In the stereo camera case, the feature positions cae estimated for every
image pair, as the intrinsic and inter-camera extrinsic pameters are known. The
camera motion can then be initialized by aligning the two 3D @int sets with a method
such as that by Horn [42] and re ned iteratively, or through a Rrspective-n-Point
(PnP) method such as Lepetit et al.'s EPnP [43]. Many variatns on this approach
have been described in the literature. For example, some e systems use only
one image whenever possible [44], to reduce computatior@dd. Ma et al. fuse data
from a stereo camera, legged robot odometry, and a tactiogtade IMU [45]. Howard
usesinlier detection based on dense disparity images [35], computingiers before
estimating the inter-frame motion.

Achieving robustness for these systems is critical, as possgtimation forms the
foundation of the rest of the system. The feature matching pcess almost always gen-
erates a small number of incorrect correspondences, howeas multiple features may
have similar appearance. Incorrect correspondencesgpatliers, can have a signi cant
impact on the estimated motion. One way to make these methodsbust is through
an outlier rejection stage, such as Random Sample And Consensus (RANSAC) [46].
In RANSAC, the minimum set of correspondences needed to compua joint error
function are repeatedly drawn so that the degree of consessuhe agreement with
the resulting model, can be computed for each hypothesis. v@n that the majority
of correspondences are inliers, hypotheses formed onlyafrect correspondences will
yield a low error, allowing outliers to be detected and discded.

Speed and e ciency are a high priority for pose estimation, @many robots require
real-time operation in the eld using limited computationd resources. Modern CPU
architectures include Single Instruction Multiple Data (3MD) vector instruction sets
to compute multiple results in parallel, which is known as da-level parallelism.
These instructions are often used for scienti c and multim#ia applications. They
can also be used to boost the performance of visual trackingsgeems, as has been
demonstrated in recent work [22, 33]. Examples of SIMD progsor extensions include
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Intel's Streaming SIMD Extensions (SSE) versions 1-4, Advard Vector Extensions
(AVX), AVX2, AVX-512, and ARM's NEON extensions. In this thesis, we m&e use
of Intel SSE and ARM NEON extensions.

2.4 Dense and Correlative Methods

Feature-based methods are not the only approach for cameradaLIDAR position
estimation. Dense and correlative methods can be applied mmany situations.

Dense methods have found recent popularity with the paralism available through
Graphics Processing Units (GPU). Newcombe et al. proposed DTAM, method for
real-time, dense mapping with a single camera [47]. DTAM perms many-view
dense disparity estimation, minimizing the average, absde photometric error over
many short-baseline views. In KinectFusion, a GPU variantfahe Iterative Closest
Point (ICP) method was applied to a stream from a depth camert alternately align
and update a voxel-based surface representation [48]. Wadlcand Eustice recently
proposed a method for camera-based localization to a LIDARedved intensity map,
maximizing the mutual information between a live camera inge and synthetic views
generated on a GPU [49].

Correlative methods have also been used for alignment of LAR data. Levinson,
Montemerlo, and Thrun presented a particle- Iter method fo LIDAR localization
into a ground-plane intensity map [50]. Olson detailed a miHscale approach for
correlative \scan-matching" of planar LIDAR data that is robust to local minima [51],
unlike iterative alternatives like ICP.
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Chapter 3

Feature Detector Learning

Most feature detectors described in the literature were digged by hand. This
manual design process allows the designer to leverage itian about the problem
and explore a large, non-linear design space. While exiblthis approach to the de-
sign and export of stand-alone feature detectors overloottse di ering requirements
of target applications. This chapter proposes and evaluatea method for automati-
cally learning feature detectors with the target applicatin, a stereo visual odometry
system, \in-the-loop". The goal of this work is to generate deature detector that
maximizes the accuracy of the motion estimation pipelinejygn the design decisions
in place in the implementation of that system. This approaclallows us to thoroughly
explore the space of possible feature detectors and betterderstand the properties
of the top-performing detectors.

We propose to learn fast and e ective feature detectors by s&icting the detector
design space to @onvolutional Iter parameterization. Convolutional lters make up
an expressive space of feature detectors, yet possess fvier computational prop-
erties, including the ability to leverage SIMD instructionsets. The speci c target
application in this work is stereo visual odometry, which rguires fewer feature invari-
ances than an application that lacks any motion prior or combuity. Unlike feature
detection and matching evaluations limited to planar envisnments, these detectors
are learned on real video sequences in everyday, 3D envir@ms. This approach
ensures the relevance of the learned results.

Learning these high-performance feature detectors regesra good source of train-

1© 2013 IEEE. Adapted with permission, from Andrew Richardson and Edwin Oln, \Learning
Convolutional Filters for Interest Point Detection,"” May 2013.
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Figure 3.1: Examples of convolutional lters for image feature detection. Hard-selected
Iters include the corner and point detectors used by Geiger et al. 2] (top, both) and
a Di erence-of-Gaussians (DOG) lter (bottom left) like those used for scale-space search
in SIFT [26]. The proposed method automatically learns convolutional lters for feature
detection. (Bottom right) The most accurate lter from this work.

ing data, which can be di cult or expensive to obtain. We detal our method for gen-
erating ground truth data | instrumenting an environment wi th 2D ducial markers
known as AprilTags [52]. These markers are robustly detectedth low false-positive
rates, allowing us to extract features with known, global da association. These
constraints allow us to solve for the global poses of all carae and markers, which is
used to evaluate motion estimates computed using only natirvisual features. Im-
portantly, this global reconstruction is used to reject anyfeature detections present
on or near AprilTags, ensuring that the learn process is not&sed by the presence of
ducial markers.

The feature detectors learned with our method are e cient ad accurate. Pro-
cessing times are comparable to FAST [20], a decision-treenfiolation for corner
detection, and reprojection errors for stereo visual odornmg are lower than those
with FAST in most cases. In addition, because our Iters use araple convolutional
structure, processing times are reduced by both increases CPU clock rates and
SIMD vector instruction widths.

The main contributions of this work are:

1. A framework for learning a feature detector designed to miemize performance
of a speci c application
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2. A family of feature detectors (convolutional lters) with good computational
properties for general-purpose vector instruction hardwea (e.g. SSE, NEON)

3. A sampling-based search algorithm that can incorporatergirical evidence that
suggests where high quality detectors can be found and thatlérates both a
large search space and a noisy objective function

4. A method to evaluate the performance of learned detectonsth easily-collected
ground truth data. This enables evaluation of the end appli¢eon in arbitrary
3D environments

3.1 Background

Many feature detectors have been designed to enhance feataratching repeatability
and accuracy through properties such as rotation, scalegliting, and a ne-warp
invariance. Some well known examples include SIFT [26], SURE/|, Harris [19], and
FAST [20]. While SIFT and SURF aim to solve the scale-invariant fgture detection
problem, Harris and FAST detect single-scale point featuresitlv rotation invariance
at high frame rates. Other detectors aim to also achieve a navarp invariance to
better cope with the e ects of viewpoint changes [53].

Many comparative evaluations of feature detectors and degators are present in
the literature [53, 54, 55]. Breaking from previous resedrcGauglitz et al. evaluated
detectors and descriptors speci cally for monocular visuaracking tasks on video
streams [55]. This evaluation is bene cial, as continuous ation between sequential
frames can limit the range of distortions, such as changesrmtation, scale, or lighting,
that the feature detectors and descriptors must handle, espially in comparison to
image-based search methods that can make no such assumgio®ur performance-
analysis mechanism is similar; however, whereas Gauglitctised on rotation, scale
and lighting changes for visual tracking, we focus on nongslar 3D scenes.

Machine learning provides an automated alternative to hanrdrafted feature de-
tector and descriptor design. FAST, which enforces a brightiss constraint on a
segment of a Bresenham circle via a decision tree, is a hybntethod that includes
a hand-designed detector but was automatically optimizeaf e ciency via ID3 [20].
An extension of FAST, FAST-ER, used simulated annealing to mariize detection
repeatability [21]. Unlike these approaches, we focus onfemg a detector that im-

18



proves the output of our target application and on a parameteation that yields a
low and nearly-constant runtime for feature detection.

Detector-learning work by Trujillo and Olague used genetiprogramming to as-
semble feature detectors composed of primitive operatigrssich as Gaussian blurring
and equalization [30]. Their results are promising, thougthe training dataset size
was small. Additionally, they attempt to maximize detector epeatability, whereas
our method is focused on the end-to-end system performand®or target application.

In addition to the detector-learning methods, descriptordarning methods like
those from Brown et al. learn local image descriptors to impve matching perfor-
mance [32]. They use discriminative classi cation and a guod-truth, 3D dataset.
Their resulting descriptors perform signi cantly better than SIFT on the ROC curve,
even with shorter descriptors. As this work focuses atetector learning, a common
patch descriptor is used for the fair evaluation of all detectors.

3.2 Learning a Feature Detector

Feature detector learning requires three main componenta:parameterization for the
detector, an evaluation metric, and a learning algorithm. The parameterization de-
nes a continuum of detectors, ideally capable of describgnthe range from xed-size
point or corner detectors to scale-invariant blob detectsr as well as concepts like
\zero mean" lters. The evaluation harness computes the main estimation error,
which we want to minimize, resulting from use of a proposed @etor. Given these
components, we can construct a method to generate featureteletors that maximize
our learning objective. While iterative optimization through gradient or coordinate
descent are obvious approaches to solve such problems, ¢ghagproaches yield unsat-
isfactory performance for feature detector learning due toigh dimensionality of the
search space and due to noise in the objective function. Theoposed method uses
random sampling to evaluate far more lters in a xed amount & time than with
iterative methods, to nd good Iters despite numerous lockminima, and to develop
an intuition for the constraints on the Iter design that yield the best performance.
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3.2.1 Detector parameterization

We parameterize our feature detector as a convolutional #r [56]. This is an at-
tractive representation due to the exibility of convolutional Iters and the ability to
leverage signal processing theory to interpret and consinahe qualities of a detector.
In addition to a convolutional lter's exibility, these | ters can be implemented very
e ciently on hardware supporting vector instruction sets, such as Intel SSE, AVX,
and ARM NEON. This hardware is commonly available in modern mol&-device pro-
cessors, as rich media applications can bene t signi cantlfrom SIMD parallelism.

We want to nd the convolutional lter that yields the most ac curate result for
our target application. This is di erent from the standard metrics for feature detector
evaluation, such as repeatability, as the best features manot be detectable under
all conditions. Our objective function, which we minimize,measures the error in
the motion estimate against ground truth. This is in contras to methods which
maximize an approximation of end-to-end performance likeepeatability [21, 30].
The advantage of our approach is the potential to exploit pyoerties specic to the
application. In stereo visual odometry, for example, edgelkat are vertical from the
perspective of the camera are easy to match between the lefidaright frames due to
the epipolar geometry constraints, an observation later @lored in Chapter 5. This
property is not captured by standard measures like repeataity, so methods which
use these measures cannot be expected to exploit them.

Our detection method can be summarized as follows:

1. Convolve with the lter to compute the image response

2. Detect points exceeding a Iter response threshold, wiiigs updated at runtime
to detect a constant, user-speci ed number of features

3. Apply non-extrema suppression using the Iter response eva 3 3 window

This work focuses on 8 8 convolutional Iters. A nasve parameterization would
simply specify the value of each entry in the Iter, a space afizeR%*. In the following
section, we detail alternative parameterizations which kw us to learn Iters which
both perform better and require less time to learn.
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3.2.2 Frequency domain parameterizations

Within the general class of convolutional Iters, we paramedrize our feature detec-
tors with frequency domain representations. In this way, wean apply meaningful
constraints on the qualities of these lters that would not e easily speci ed in the
spatial domain. In doing so, we learn about the important chracteristics for success-
ful feature detectors built from convolutional lters.

We use the Discrete Cosine Transform (DCT) and Haar Wavelet ansform to
describe our lters [57, 56]. Unlike the Fast Fourier Transfon (FFT), the DCT and
Haar Wavelets only use real-valued coe cients and are knownotrepresent image
data more compactly than the FFT [58]. This compactness is ofteexploited in
image compression and allows us to sample candidate Itersome e ciently. These
transformations can be easily represented by orthonormalatrices and computed
through linear matrix products.
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(@) 4 4 DCT basis set (b) 4 4 Haar basis set

Figure 3.2: Basis sets for the Discrete Cosine Transform (DCT) and Haar Wawlet Trans-
form. Each 4 4 basis patch corresponds to a single coe cient in the frequency domin.
The top-left basis corresponds to the DC component of a Iter. Note that we use 8 8
Iters in this work.

In this work, we make use of three representations for Iterg pixel intensities,
DCT coe cients, and the Haar Wavelet coe cients. Figure 3.2 slows a set of basis
patches for the two frequency-domain representations. Thaxel values of a Iter
in the spatial domain can be uniquely described by a weightethéar combination
of these basis patches, where the weights are tlee cients determined by each
frequency transformation. For convenience, we refer to dothe spatial values of the
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Iters (pixel values) and frequency coe cients asw.

3.2.3 Error minimization

In our application, our goal isto nd a convolutional Iter w hich yields the best motion
estimate for a stereo VO system. We represent the error fumah that evaluates the
accuracy of a proposed lIter byE (w). As described further in Section 3.3.2, our error
function is the mean reprojection error of the ground truth dta, the four corners of
the AprilTags, using the known camera calibrations and the caera motion estimated
using the detector under evaluation.

While iterative optimization via gradient or coordinate desent methods is an ob-
vious approach for automatic learning, experiments showeldat such iterative meth-
ods frequently terminate in local minima on the highly-nonhear cost surface. We
propose instead to learn detectors by randomly-samplingefjuency coe cient values
while varying the size and position of aoe cient mask that zeroes all coe cient
values outside of the mask. We refer to our mask of choice as ladk-diagonal con-
straint, as illustrated in Figure 3.3. We also evaluate the péormance of sampling
with bandpass constraints and sampling raw pixel values vidie nasve approach. In
all cases, sampled values are taken from a uniformly-randafistribution in the range
[-127,127].

DC LF HF

LF

HF

(a) Bandpass (b) Block-diagonal

Figure 3.3: lllustrations of frequency-domain Iter constraints for 8 8 lIters. Coe cients
rendered in black are suppressed (forced to zero). White coe ciats may take any value.
A typical bandpass Iter is shown in (a). We propose the use of the blok-diagonal region
of support (b), which exhibited superior performance in our tests.

The constraints illustrated in Figure 3.3 are de ned by low ad high frequency
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cuto s, which de ne the Iter's bandwidth. The Iters shown have low and high
frequency cuto s of 0.250 and 0.625, respectivélyThus, the Iters have a bandwidth
of 0.375.

Iteratively-optimizing with the target application in the loop can be very expen-
sive. Steepest descent methods that use the local gradiehtlee error function require
at leastn error evaluations for square lters of widthIO n. After gradient calculation,
multiple step lengths may be tried in a line-search minimizeon algorithm. At a
minimum, n + 1 error evaluations are required for every update. Coordate de-
scent methods require at leastr2 evaluations to update every coe cient once. Both
methods require more calculations in practice. Because tleeror surface contains a
high number of local minima, step sizes must be small and optiation converges
quickly. This results in a great deal of computation for onlysmall changes to the
Iter. We found that 95% of our best randomly-sampled Itersdid not reduce their
error signi cantly after iterative optimization. Many did not improve at all.

In contrast to iterative methods, computing the error for a ew Iter only requires
one evaluation. The result is that in the time it would take toperform one round of
gradient descent for an 8 8 lIter, we can evaluate a minimum of 65 random samples.

3.3 Stereo Visual Odometry

This section details the speci ¢ implementation of the steyo visual odometry system
used for feature detector learning. In principle, our in-8i training methods apply to
other stereo visual odometry pipelines and other applicatns. Prior work in visual
motion estimation demonstrated accurate and reliable, higframe rate operation us-
ing corner feature detectors [7, 5]. A number of system artbctures are possible
and have been demonstrated in the literature, including marular [5, 4] and stereo
approaches [7, 22].

3.3.1 Visual Odometry overview

Our approach to stereo visual odometry can be divided into aumber of sequential
steps:

2Note that we use frequency ranges normalized to the interval (0, 1)
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. Image acquisition - 30 Hz hardware-triggered frames are paired using embed-
ded frame counters before performing stereo recti cationia bilinear interpola-
tion

. Feature detection - Features are detected in grayscale images with non-
extrema suppression. Zero-mean, 9 9 pixel patch descriptors are used for
all features

. Matching - Features are matched between paired images using a zeraame
Sum of Absolute Di erences (SAD) error score. To increase robtmess to noise,
we search over a +/-1 pixel o set when matching. Unique matcteeare triangu-
lated and added to the map. Previously-mapped features areqgpected using
their last known 3D position and matched locally

. Outlier rejection - Robustness to incorrect correspondences is provided thgh
both Random Sample Consensus (RANSAC) and \robust" cost funicins in the
estimator (speci cally, the Cauchy cost function withb=1:0) [46, 8]

. Motion estimation - The motion estimate is initialized to the best pose es-
timated in RANSAC. The point and camera motion estimates are iproved
through non-linear optimization, iterating until convergence is achieved

The result is an updated 3D feature set and an estimate of theumera motion

between the two sequential updates.

3.3.2 Ground truth using AprilTags

We compute our ground truth camera motion by instrumenting he scene with April-
Tags and solving a global non-linear optimization over allfahe tags and camera
positions. Speci cally, the four tag corners are treated apoint feature detections
with unique IDs for global data association. During learnig, we explicitly reject any
feature detections on top of or within a small window aroundrgy ducial marker so

that we do not bias the detector learning process. In other was, our system rejects
detections that would otherwise occur due to the presence AprilTags in the scene
and focuses on the use ofatural features in the environment. This is illustrated in
Figure 3.4b, where red overlays correspond to regions whelef@ature detections are

24



discarded. By using the reprojected ducial marker positios, we can reject features
on markers even when the marker is not detectable in the cunteframe.

With the ground truth trajectory known, the accuracy of the visual odometry
pipeline can be evaluated for every candidate feature detec For every sequential
pair of poses in the dataset, the 3D positions of the grounduth features (the corners
of the ducial markers) are computed with respect to the rst of the two poses.
These points are transformed to the reference frame of thecead camera pose using
the motion estimate from the candidate feature detector. Qme transformed, the
reprojection error is computed against the set of detectisnfrom the second camera
image pair. E(w) is the mean reprojection error over all pairs of poses in thaataset
using this method. It measures how well, on average, the gralitruth features are
aligned with their observations when using the candidate tkctor.

3.4 EXxperiments

Our experiments focus on randomly-sampling Iters under dégrent constraints and
computing the mean reprojection error of the visual odometrsolution with the se-
lected Iter. In addition, we compare both error and computéion time to existing
and widely-used feature detectors.

3.4.1 Implementation Details

Training and testing was carried out on four datasets betwee23 and 56 seconds
in length, recorded at 30 FPS. These datasets were collectedvarious indoor envi-
ronments, including an o ce, conference room, cubicle, antbbby. In each case, 15
seconds of video were randomly selected for training. Figsr8.4 and 3.6 show cam-
era trajectories and imagery from these datasets. This st rig included two Point
Grey FireFly MV USB 2.0 color cameras at a resolution of 376 240. Experiments
were run on a pair of 12-core 2.5 GHz Intel Xeon servers, eachtw@82 GB of mem-
ory. Sampling 5,000 lters required approximately 7 hoursaveraging 9.7 seconds per
Iter.

In contrast to the substantial computational resources uskin learning, our target
application is limited to the compute available on a typicaimobile robot. A mobile-
grade processor such as the OMAP4460, a dual-core ARM Cortex-A8vice, used
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(a) Reconstruction of the ground-truth camera tra-
jectory and landmark positions

(b) Reprojected ground-truth markers

Figure 3.4: Ground truth camera motion reconstruction using AprilTags. Sereo camera
trajectory (orange) in (a) is reconstructed using interest points %t on the tag corners de-
termined by the tag detection algorithm. Shaded region (blue) correspnds to the scene
viewed in (b). The mask overlays (red) in (b) are the result of repojecting the tag corners
using the ground truth reconstruction and are used to ensure that no éatures are detected
on the ducial markers added to the scene. Example feature detectios from the best lter
learned in this work are shown for reference (green).
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(c) Cubicle (d) Lobby

Figure 3.5: Images from the four datasets used for feature detector learngn Masks for
AprilTag ducial markers are shown in red.
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(@) Oce

(c) Cubicle (d) Lobby

Figure 3.6: Reconstruction of the ground-truth camera trajectories andlandmark positions.
The positions of the AprilTag ducial markers (black and white texture s) and the full camera
trajectory (orange line) are jointly estimated to provide ground-tru th reference data for

training
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as an image preprocessing board, is a compelling and scaabbmputing solution

to our needs. With a convolution implementation optimized \a vector instructions,

speci cally ARM NEON, we can detect around 300 features per 376240 image in
3.65 msfora8 8 Iter. In comparison, the ID3-optimized version of the FASTfeature

detector performs similarly, requiring 3.20 ms. For both ntbods, we dynamically
adjust the detection threshold to ensure the desired numbef features are detected
even as the environment changes.

200 400 600 800 1000
Average number of features

Figure 3.7: Time comparison between FAST-9 and an 8 8 convolutional lter feature
detector. Times represent the combined detection and non-extrem suppression time and
were computed on the PandaBoard ES (OMAP 4460) over 30 seconds of video with 376x240,
grayscale imagery.

While both methods are e cient enough for real-time use, the iderence in com-
putation time for a large number of features is dramatic. Fige 3.7 shows the runtime
as a function of the desired number of features for both mettls. This time measure-
ment includes detection and non-extrema suppression. Whiteth methods show a
linear growth in computation time, the growth for the convoltional methods is much
slower than for FAST. This is because the convolution time dsenot change as the
detection threshold is reduced. The linear growth is due onlto non-extrema sup-
pression. This result is especially important for methods here the desired number
of detections is high [5, 22].
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3.4.2 Randomly-sampled lters

The proposed learning method was evaluated through a suité @andom-sampling
experiments for block-diagonal Iters with both the DCT andHaar parameterization.
We also compare to sampled bandpass and pixel lIters. Figure83shows the error
of the best Iter sampled so far as 5,000 lters are sampled.nlall four datasets,
the pixel and bandpass lIters never outperformed the best btk-diagonal lter. The

nal lters of each type and from each dataset are shown in Figure 3.9.

Figure 3.10 shows the error distributions for each of the theeconstraints on the
conference room dataset. For each experiment, 5,000 Itengere randomly generated
with the appropriate set of constraints. For the bandpass ahblock-diagonal con-
straints, we generated lters for all combinations of the DT or Haar transform low
frequency cuto and Iter bandwidth, de ned previously. Of the 27 combinations
of low and high-frequency mask cuto s available for both DCTand Haar lters of
size 8 8 (in total, g 1 combinations each for DCT and Haar), only 6 of them
include the DC component and, in the case of the block-diagaln Iters, the vertical
and horizontal edge components.

From these plots, it is clear that limiting the search for a god Iter through the
bandpass and block-diagonal sampling constraints signaatly improved the percent-
age of Iters which yield low reprojection errors. Our intepretation of this result is
that these lter-based detectors are sensitive to nonzeralues for speci c frequency
components. By strictly removing these components in 21 dfi¢ 27 constraint com-
binations, the average Iter performance improves signiantly.

Figure 3.11 shows separate distributions for block-diagondters for each of
the possible low-frequency cuto s for lters with the most rarrow Iter bandwidth
(0.250). One plot is shown for each frequency transformatidDCT and Haar). From
these gures/ lters, it is clear that Iters perform signi cantly worse when the DC
and edge coe cient values are not zero. Beyond that, there ia clear trend of low
error for low-frequency lters, and an increasing error agéquency increases. Finally,
the DCT lIter performance signi cantly degrades as high frquency components are
introduced; however, the Haar Iter performance does not. Qunterpretation of this
result is that, because Haar basis patches are not periodicsianple step transition in
an image will often result in a single, uniqgue maxima. In cordst, the periodic DCT

3Final coe cients available at http://umich.edu/ ~chardson/icra2013feature.html
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Figure 3.8: Mean reprojection error for the best convolutional Iter sampled so far (running
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dataset and sampling type. Best viewed in color.
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Figure 3.10: Histogram of mean reprojection errors for three Iter generation methods
on the conference room dataset. While randomly-generated bandpass Its yield better
performance, on average, than Iters with uniformly-random pixel values, block-diagonal
Iters have both better average performance and a lower error for the lest Iters. 79%
and 72% of sampled bandpass and block-diagonal lters, respectively, had®rs under 2.5
pixels, while only 30% of random pixel Iters had such low errors.

basis patches will yield multiple local maxima, causing awster of detections around
edges. Similar trends exist for Iters with higher bandwidhs.

Test Set Filters trained on dataset Linear baselines Non-linear baseli nes

O ce Conf. rm. Cubicle Lobby DOG Geiger Corner Geiger Blob FAST Shi-Tomas i SURF
Oce 0.466 0.471 0.468 40.281 0.492 0.595 0.470 2.060 1.322
Conf. room 0.981 0.996 0.981 1.505 1.047 1.218 0.953 1.141 1.584
Cubicle 1.292 1.142 1.368 2.962 2.131 4.042 1.441 4,550 0.795
Lobby 1.593 1.552 1.628 1.974 1.573 1.927 1.654 1.938 2.032

Table 3.1: Motion estimation testing error (pixels) on each dataset usinglearned feature
detectors and baseline methods. Reported numbers are mean valueseo\25 trials to com-
pensate for the variability of RANSAC, except for the training errors (gray). Bold values
are the best result for every row. SURF generated features adjacent to AprilTags that
could not be easily ltered out due to SURF's scale variation. As such, tre SURF results
are not considered a fair comparison to the other methods? Unusually large mean error is
the result of data association failures for the speci ed feature type

The performance of the best sampled block-diagonal Iters@acompared to base-
line methods such as FAST, Shi-Tomasi, a Di erence of Gausss lter, and lters
used by Geiger et al. in Table 3.1. The best result from evergsting dataset (row)
is shown in bold. All detector evaluations were performed witthe same system pa-
rameters: 300 detected features after non-extrema supsiEs and rejection due to
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Figure 3.11: Distributions of block-diagonal Iter reprojection errors for Iters with a band-
width of 0.250 on the conference room dataset. For both (a) and (b), the Iters which include
the DC and vertical/horizontal edge components (LF cuto of 0) have reprojection errors
greater than 4 pixels 84% and 87% of the time for DCT and Haar lters, respectiely. Be-
yond the DC components, only the DCT Iters with low-frequency cuto of 0.5 or greater
have such large reprojection errors. The remaining distributionsprogress smoothly from
low error (left) to high error (right) as the frequency increases. Best viewed in color.
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ducial marker masks, use of RANSAC and a Cauchy robust cost fation (b= 1:0),
etc. These parameters were set via parameter sweeps using BAST feature detector
on the o ce and conference room dataset. As such, these repees best-case con-
ditions for FAST. Mean values over 25 trials are reported dueotvariability induced
by RANSAC. The dierences in the means between the trained Ites and FAST
were statistically signi cant in 10 of the 12 cases with p vailes less than 0.01 for a
two-tailed t-test.

These results reinforce the notion that learned convolutnal Iters can compete
with non-linear detection methods, like the FAST feature degfctor. Only on the con-
ference room dataset did FAST perform better than a learned tér. On average,
learned lters had a lower reprojection error than FAST by a srall amount, 0.05
pixels. For other baseline methods, such as Shi-Tomasi, tilprovement in reprojec-
tion error was substantial. Note that while SURF outperformedall methods on the
cubicle dataset, this is due to SURF detections adjacent to Appffags that cannot be
rejected in the same manner as other features due to SURF's scalvariance.

For the linear baseline methods, the results vary greatly. &qger et al.'s corner
Iter performs the best of the three, and yet it and the other inear baselines perform
quite poorly on the cubicle dataset, unlike the learned Ites. Interestingly, these
linear detectors (or an equivalent 8 8 lter) are simply a few of the convolutional
Iters that could have been learned in our framework.

These results also suggest that dataset choice, not learndigr, was the best
predictor of testing errors. The cubicle dataset had a highrr in a number of cases.
From inspecting the video stream, this is not surprising | the cubicle is generally
feature-de cient except for smooth edges and a narrow strighere the camera sees
long-range features over the cubicle wall.

3.5 Summary

Feature detectors are primarily designed manually and evadted with proxy metrics
that aren't guaranteed to re ect the requirements of a targeapplication. This work
addressed this issue by automatically learning feature dettors in a general convolu-
tional Iter framework. The learned detectors were automatally tuned to maximize
the accuracy of the motion estimate computed by a stereo visuodometry pipeline.
The resulting detectors outperform a comprehensive set oaselines and yield con-
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sistent performance on the cubicle dataset, which disprogmnally challenged most
baseline methods. Additionally, these results demonstratbat the learned features
are robust across datasets, as each training dataset proédclters that were similarly
or more accurate than the baseline methods when evaluated@ss testing datasets.
This works supports the concept of learning via controlledandom sampling. We
experimentally determined that gradient and coordinate dent methods quickly
converge in local minima without substantial improvement eer a lter's initial per-
formance, and we argue that the computation time required tcompute a gradient
update step is better spent exploring tens, if not hundredsyf random samples. We
propose a mechanism to usefully distribute samples througlit the frequency domain
by sweeping over block-diagonal coe cient masks. Further, &demonstrate a trend

in both DCT and Haar wavelet-based Iter performance that faers low-frequency
lters.
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Chapter 4

Feature Descriptor Learning

Feature descriptors generated by a sequence of two-pixeleinsity comparisons are
capable of representing image features tersely and quicklfhese so-calledbinary
or Boolean string descriptors, which store a comparison's outcome in a singbd,
require only a few bytes per feature (e.g. 8-64B, often 32Rjreatly reducing memory
footprint and network transfer bandwidth. In addition, computing and matching
these descriptors requires much less runtime than well-kmo alternatives like SIFT
and SURF, with comparable matching accuracy [33, 24].

One such method, BRIEF [33], is notable due to its intuitive drmulation and
compatibility with vector instruction sets. But unlike one of BRIEF's predecessors,
Randomized Trees [59, 60], BRIEF's comparisons are xed ana chot adapt to the
image content of individual image features. This makes BRIE&ensitive to viewpoint
change, as the intensities shifting under the xed samplingattern can cause the test
outcomes, and thus the computed descriptor, to change. Thigsults in increased
overlap between descriptor error distributions for true ath false correspondences,
which ultimately leads to a higher false match rate.

Two of BRIEF's primary advantages are the small memory footpnt and fast
runtime. These are suited to the demands of real-time visioapplications, with
constrained bandwidth and high-FPS runtime targets. Howevethey also set a high
bar for improvements | increases in descriptor robustness mst come with minimal
side e ects. How to do this given the unique formulation of BREF | the Boolean
string representation and use oKORPOPCN([Tis not especially clear.

This work proposes a formulation for online descriptor leaing that improves the
matching performance for BRIEF-like descriptors. This is dgeved by addressing
the sensitivity of intensity-test descriptors to viewpoin variation between multiple
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(a) Full set of intensity tests (b) Learned test subset

Figure 4.1: lllustration of BRIEF and TailoredBRIEF intensity tests f or an image of a road
sign. Learning is used to select the subset of tests, (b), from theufl set, (a), that produce
repeatable results under simulated viewpoint change. The survivig tests for this image
feature tend to compare the patch center to the patch perimeter.

observations of a feature. The proposed method e ectivelgarns a unique descriptor
structure for every feature in an image, and does this in a manner compgaée with
real-time use. The key is in doing this e ciently and in a way hat is congruous with
the suggested implementation of BRIEF. For that, we propostiloring for Boolean
string descriptors, and argue that this approach is suitablfor real time systems.
Unlike most approaches for feature descriptor matching, thproposed method
uses an asymmetric division of labor betweeeference features andquery features.
We de ne a reference feature to be one in a keyframe or map, aadquery feature
to be those matched against reference features. This asyntrgas present in visual
odometry, SLAM, and localization, all of which can be or are rarally formulated to
reuse a set of reference features, which is undertaken to uwed pose drift or control
map size. Consequently, we propose an asymmetric represgion for reference and
query feature descriptors, as an application like visual @thetry can a ord a larger
memory footprint or bandwidth requirement for the occasioal reference feature.
Despite this asymmetry, the runtime for matching with the poposed method is
essentially unchanged, and the precision and recall are imged. We achieve this by
simulating the e ect of viewpoint change on reference feate descriptors and de ning
an appropriate weighting vector to suppress unreliable iansity tests. Figure 4.1
shows an illustration of the result, where the focus of the tensity tests has shifted
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from random pixel pairs to center-perimeter comparisons rfadhe speci c feature in
guestion.
The contributions of this work are:

" A demonstration of the viewpoint sensitivity of intensity @mparison descriptors

~ A method for computing descriptor weighting vectors throuly synthetic obser-
vations of an image patch

" An e cient distance function for weighted descriptors

" Evaluation of matching performance under typical appeara changes and com-
parison to prior art

4.1 Related work

This work is based on BRIEF [33], which stems from a line of rearch from Lepetit,
Fua, et al. on intensity-test based feature matching [59, 661, 62, 63, 33, 64].

Lepetit and Fua investigated Randomized Trees as a way to cefulate descriptor-
based feature matching as a classi cation problem [59, 60They consider a class to
be all views of the same scene feature, and perform o ine tmnaing to learn a decision
tree composed of ternary intensity tests. Synthetic viewsra generated to increase
the available training data, and multiple randomized treesre grown because of the
claimed intractability of building an optimal tree. Though the randomized trees
improved the problem tractability, the reported learning ime of about 15 minutes
would be too great for many online learning problems.

Ozuysal, Calonder, Lepetit, and Fua addressed scalabilityf this style of classi -
cation with Randomized Ferns [61, 62]. The primary di erene between randomized
trees and ferns is that while a randomized tree may perform drent tests given the
outcome of the previous test, a fern converted to a tree alwayperforms the same
test at a given depth. Additionally, Ozuysal et al. consider combining the class-
membership probabilities estimated by each tree or fern in Haive Bayes manner,
instead of simply averaging, and observe a 10-20% increasefaature recognition
rates. Ultimately, joint probabilities are considered betwen tests in the same fern,
and independence assumed between ferns. This allows sonmrobover the size of
the required joint probability tables, which grow exponentlly in the size of the fern.

38



Calonder et al. introduced BRIEF [33, 64], which is formulad as a typical
feature descriptor and does away with the joint probabilityestimates. Additionally,
they justify the design by pointing out that the Hamming Distance between two
descriptors can be computed withKORand POPCNiRstructions, greatly improving
feature matching speed.

Others have also contributed in this space. Rublee et al. de$ed ORB [24],
combining the FAST feature detector [20], an orientation eshator, and a method to
greedily choose test positions during o ine training. In paticular, they choose tests
that are less correlated under rotation than a typical set dBRIEF tests. Leutenegger
et al. described BRISK [34], which uses the FAST score as a salty measure to
achieve invariance to scale and a radially-symmetric sannpd pattern.

In contrast to these approaches, we propose TailoredBRIEFnhaextension to
BRIEF that allows per-feature customization of the tests usd to robustly describe
a feature. TailoredBRIEF focuses on the descriptor and matmg aspects of the
problem, and does not attempt to construct a full detector/@scriptor system like
ORB and BRISK. Finally, unlike the o ine-trained Randomized Trees and Ferns,
TailoredBRIEF is meant to learn online, as new features areetected for the rst
time. This approach is suitable for novel environment exptation by a mobile robot,
which would have no opportunity for o ine training.

4.2 Descriptor extraction

The BRIEF descriptor summarizes local appearance throughtensity tests between
pairs of pixels surrounding an image feature. The Boolean tputs of the tests are
stored bit-packed to minimize memory usage. Further, stodein this way, the XOR
instruction can be used withPOPCNIb compute the number of bit errors between
two BRIEF descriptors, also known as the Hamming Distance. His results in a very
terse descriptor that can be matched much faster than alteatives like SURF [33, 27].
Before computing a BRIEF descriptor, a set of test points maive de ned. Calon-
der et al. explored the e ect on feature matching recall withest points drawn from a
number of parameterized random distributions [33]. We use@aussian distribution,
following from their results. Once de ned, the same test pois are used for every
descriptor. However, for scale-invariance, the relative $e points' positions may be
resized according to a feature's scale. Finally, while the mber of tests is arbitrary,
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it is typically chosen to be a multiple of thePOPCNdperand length.

Algorithm 1 illustrates how a BRIEF descriptor is computed fo a given feature.
For each pair of scaled test points, both image intensitiesalooked up relative to the
feature's position. If the second intensity is greater, thappropriate bit in the descrip-
tor is set. When computing the error between two descriptorgach corresponding
section from the two descriptors is loaded, di erenced ugithe XORnstruction, and
counted with POPCND determine the Hamming Distance.

4.3 Matching errors due to viewpoint change

Image feature matching through nearest-neighbor compuian in a descriptor space
can be confounded by image feature appearance changes. €hggpearance changes
result from sensor noise, changes in the environment (such\ariation in lighting in-
tensity or direction), and changes in the camera viewpoint-or descriptors composed
of two-point intensity comparisons, viewpoint changes shithe test points across the
image patch, resulting in unstable outcomes for some intatyscomparisons. These
instabilities increase the matching error for a true corrgondence, which leads to
false matches when the true error is too great.

We can explore this relationship by simulating BRIEF descptor extraction under
viewpoint changes. Figure 4.2 shows an image patch centeréaat a road sign, which
contains sharp transitions, at regions, and small text. As W& sweep over changes to
scale and both in-plane and out-of-plane rotations, we traform the BRIEF test
positions and compute the intensity comparison results inhe original image. This
corresponds to applying the inverse transformation to themage before descriptor

Algorithm 1 BRIEF _EXTRACT (tests, im, X, y, scale)

bits = zeros(length(tests))
for all test 2 testsdo
a = im(x + scale*test.x1, y + scale*test.yl)
b = im(x + scale*test.x2, y + scale*test.y2)
if a< bthen
bits[test.index] = 1
end if
end for
return  bits
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extraction, but is simpler, as the full set of transformed tst positions can be cached.

The descriptors computed under simulated viewpoint changere then compared
to the original descriptor. Figure 4.2 shows plots of the malhing error, the Hamming
Distance, for two of the simulated viewpoint changes. As we m® along the axes
away from the nominal scale or orientation, the true matchig errors reach just under
33% of the total number of bits, even for small viewpoint chages.

Often, we are interested in the matching error distributios for true and false
correspondences. When these distributions have minimal olay, we expect to com-
pute a true correspondence with high probability. Drawingrbm independent, uni-
form random distributions for the viewpoint change varialds over a xed range,
we can estimate the true-correspondence error distributio To compute the false-
correspondence distribution, we can compare all sampledsdeptors from one class,
or image patch, to those sampled from all other classes.

Figure 4.3 shows these sample distributions for a typical BEF descriptor and
the proposed method. A small library of seven input patchesas used, computing
descriptors for each patch under 200 simulated viewpoint ahges. All true and false
correspondences were then compared to estimate the sampiaoability distributions.
Without a learning stage to determine which tests are robustat small viewpoint
changes, the true and false probability distributions ovéaip. For some combination
of patches and viewpoint changes, selecting the minimum Hanmg Distance pair
will result in a false correspondence. Further, the true cagspondence mode is clearly
non-zero, between 10% and 20% of the 128 bits used. In contrdy applying the per-
feature learned weights (proposed), the distribution ové&ap is decreased substantially
and the true correspondence mode shifts to an error of zerdsbi This suggests that
feature matching precision will increase as a result.

4.4 Method: Tailoring BRIEF

Through online learning, we desire to improve the accuracy descriptor-based feature
matching. We achieve this primarily by considering the e ecof appearance changes
on the consistency of an individual feature descriptor. L&Lepetit et al., we simulate
the outcome of these appearance changes to generate tragndata [59], which is in
turn used to generate a Boolean-weighting vector that we af to as a descriptor
mask This mask is used repeatedly in the inner loop of the matchinprocess, when
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Figure 4.2: Intensity tests on a road sign image patch under simulated viepoint changes.
(b { e) Viewpoint change examples show the transformed positions of the eminal intensity
tests. The test outcomes are denoted with colored endpoints and linesOrange endpoints
denote higher intensities. Red lines denote tests that di er fromthe nominal viewpoint.
(f { i) Sweeping over rotation and scale change parameters, up to 33% of intesity tests

produced erroneous results
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Figure 4.3: Descriptor matching error distributions for example patches using BRIEF and
TailoredBRIEF. Descriptors extracted for 7 image patches under 200 sythetic viewpoint
changes were used to estimate the distribution of true and false corspondence descriptor
error. Overlap in these distributions indicates that the minimum-error match may be a
false correspondence. TailoredBRIEF shows decreased overlap as camgd to BRIEF,
which suggests that feature matching accuracy will also improve.
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the matching error is computed for a speci c pair of features

Key to leveraging this technique is an e cient implementaton. The design and
e ciency of the BRIEF descriptor make it especially well-sited to this task. This is
in part because the intermediate box Iter computation can le reused during training.
It is also because the Boolean nature of the image tests lerntketnselves to e cient
descriptor mask training, as well as application during féare matching.

The remainder of this section discusses the speci ¢ apprdato learning a descrip-
tor mask, and the application of these masks during matching

4.4.1 Formulation

In the context of feature matching, not all intensity compaisons are equally reliable.
While it is possible to learn a better set of test points, as sk by Rublee et al.
to reduce average test correlation [24], for any speci c tesome image patch exists
which will produce di erent results under a small perturbaton. If tests were learned
for individual image patch instances, this e ect could be mimized.

One can imagine utilizing a di erent set of BRIEF test pointsfor each feature
in a reference image. Fom features in a reference image ana features in a query
image, a total ofm n unique descriptors must be extracted in the query image.
This producesm n matching errors. Form = n, which is common, the number
of descriptors extracted grows quadratically in the numbeof features, instead of
linearly as with a single set of test points. This presents aabvious challenge for
real-time systems which target 30-60 Hz operation.

We propose instead to extract a single descriptor for each age feature and learn
a vector of weights for each test. If we assume that the testseaindependent and
produce errors according to a Bernoulli distribution, we gaestimatep; for each testi
by sampling viewpoint change parameters and warping the irga patch or test points
appropriately. We would then compute the probability of a tue match as a function
of the test errors and Bernoulli probabilities. However, tld would negate a key
property of BRIEF, as the extra mathematical operations woul signi cantly increase
the number of operations required to compute the error betwe two descriptors.
Instead, we propose to learn a Boolean weighting vector angy it with an AND
operation to the error vector, suppressing noisy tests. Irhis way, we can select the
subset of tests that are reliable for a particular image patc Despite discarding a
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potentially large number of tests, we show that the matchingerformance actually
increases.

Algorithm 2 MASKED _DISTANCE (blocks, mask, a, b)
dist=0
for all bi 2 range(0, blocks)do
dist += POPCNT(mask[bi] and (a[bi] xor b[bi]))
end for
return dist

This Boolean weighting vector can be applied e ciently dumhg matching. The
Boolean weights are stored bit-packed as in the BRIEF desptor. Algorithm 2
illustrates the matching error function with descriptors or two features, and one
descriptor's learned mask. Here \blocks" is the number of @4it blocks of bits in
descriptorsa and b, and the mask. For example, blocks is 4 for a 256-bit descrgot

In practice, masks could be learned for both sets of featuraastead of one as
shown. However, for many systems, this is unnecessary. Fois®ms like visual
odometry and visual SLAM, reference features are added onlgnodically. We can
take advantage of this asymmetry by performing extra procssg on the reference
features without a ecting descriptor extraction time for the query features. Addi-
tionally, an important property of this formulation is that memory usage increases
only for reference features, which require twice the memeorwhile the memory for
guery features is unchanged.

4.4.2 Mask learning via viewpoint simulation

Training data from which to compute a descriptor mask is gattred by sampling
viewpoint changes from uniform distributions in scale and-8xis rotation. The full
transformation is shown in Equation 4.1, wherdR represents a 3D rotation matrix
generated from in-plane and out-of-plane rotation terms sa@led from zero-mean
distributions. The original test point coordinatesx and y in the range [ 0:5;0:5]
are rotated according toR. The result is then projected as if at unit distance by a
camera with focal lengths, wheres is sampled from a distribution with mean 1.
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Note that while we sample only over a small number of viewpoimmhange param-
eters, other terms such as additive noise could be readilytegrated.

The transformed test point coordinatesx, are computed once and stored. To
learn the descriptor masks, we do the following for each feme:

1. Compute all transformed descriptors using Algorithm 1

2. Compare the original descriptor to each of the transforndedescriptors, com-
puting the number of errors for each test

3. Estimate the sample probabilityp; (error) for each test

4. If pi(error) is greater than a small threshold, reject test by setting its weight
to zero

This learning process is described further in Algorithm 3.

Algorithm 3 LEARN _MASK (tests, im, X, y, scale, thresh)

desc = brief extract(tests, im, X, y, scale)
mask = ones(length(tests))
for all test 2 testsdo
transformed = transform_test(test)
error = 0
for all sampletest 2 transformeddo
bit = evaluate _test(im, X, y, scale, samplgest)
if bit 6 desc[test.index]then
error++
end if
end for
if error > thresh then
mask[test.index] = 0
end if
end for
return mask
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4.5 Evaluation

Matching performance for BRIEF and TailoredBRIEF was evalated using sets of
still images related by ground truth homography matrices. W use a portion of
the standard a ne region detector datasets from Mikolajcz¥k et al. [53], as in the
evaluation of BRIEF [33]. Figure 4.4 shows images from six dig sets considered in
this work. The omitted image sets possess rotation to the dexg that an orientation

estimator is required, which is not considered in the scopé this work.

(c) Leuven

« Trees (e) UBC () Wal

Figure 4.4: Sample images from the a ne region detector dataset [53]

45.1 Evaluation of masks

Figure 4.5 shows the percentage of intensity tests that arejeeted as a function of
the sample accuracy threshold. These results were computesing 800 di erence-
of-box Center Surround Extrema (CenSurE) features [28], wdh were detected on
the rst (reference) image from each dataset. CenSurE feates were used following
from Calonder et al.'s report of improved recognition over \3RF [33]. We used 50
randomly-sampled viewpoint changes in the ranges speci &y Table 4.1.
Blurring before learning the descriptor mask makes a notabldi erence on the
repeatability of tests, decreasing the number of masked tedor the Wall dataset by
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Figure 4.5: Percentage of TailoredBRIEF test results that are suppressd as a function of
the sample accuracy threshold

Parameter Min Max

Scale 0.8 1.25
Roll -12 12
Pitch -12 12
Yaw -6 6

Table 4.1: Ranges for randomly-sampled viewpoint change parameters. Roll angitch in
this case are out-of-plane rotations, and yaw an in-plane rotation

30% when the mask accuracy threshold is set to 1. Despite soggsing a substantial
number of tests, approximately half of the tests are 100% reptable over the range
of simulated viewpoints, and 76.7% of tests are repeatablelaast 75% of the time.

4.5.2 Precision-Recall Evaluation

The matching performance is evaluated by computing the priston and recall as the
matching error threshold is varied. Ground truth homograples are used to classify
feature matches with a radial data association threshold & pixels, irrespective of
feature scale. Care is taken to estimate the recall denomtina by computing the
number of features with geometric neighbors when mapped thugh the homography.
This is done to avoid underestimating recall when detectorepeatability is poor.
This is important to put the magnitude of repeatability improvements in perspective.
Calonder et al. refer to this as therecognition rate [33].
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Wall (Image 1 vs 3)
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Figure 4.6: Precision-Recall curves for the Wall dataset, image 1 versud. Approximately
800 features were extracted from each image using the CenSurE detectand descriptor
speci ed, matched with nearest neighbor and a sweep over the matchg error threshold.
BRIEF and TailoredBRIEF were evaluated with and without a 7-pixel box lter to reduce
high frequency content.

Parameters were sampled in the ranges speci ed by Table 4again detecting 800
CenSurE features. We used 256 intensity tests and a box Itewidth of 7, where
applicable. The number of viewpoint change samples was set25. This was chosen
to balance the runtime/performance trade o shown in Sectio 4.5.3. The threshold
used in Algorithm 3 was set to 0.1 (up to 10% test errors permgtl).

Figure 4.6 shows the precision-recall curves for Wall, imadevs 3. The matching
error for TailoredBRIEF was computed as discussed in Seatial.4.1, and features
were matched by computing the nearest neighbor descriptan the query image for
each feature in the reference image.

Results for two versions of the BRIEF and TailoredBRIEF (prposed) descriptors
are shown. Calonder et al. reported use of a box Iter to blurmimage before ex-
tracting descriptors. This was justi ed due BRIEF's sensitvity to high frequency
content, and we see that the version without the box Iter, daoted \CenSurE-
BRIEF-NoBlur", does yield a lower precision and recall. The malts are similar
for TailoredBRIEF; however, it is clear that the blur does notsuppress all sensitivity
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to viewpoint change and that the bene ts of blurring and desgptor mask learning
are not mutually exclusive.

TailoredBRIEF shows a large increase in performance over HEF, including a
10.3% increase in recall from 65.3% at 90% precision. At thense precision level, Tai-
loredBRIEF captured 29.6% of the remaining true matches b&ten the two frames.
Without image blurs, we see a 5.8-18.2% increase in recall Wween 90% and 98%
precision, respectively. Systems targeting high frame &g could reduce the total
CPU load by replacing the every-frame blurring operation rexled for the \Censure-
BRIEF" level of performance with per-feature descriptor leaning on the occasional
keyframe.

The full set of Precision-Recall curves are shown in Figure74.using all datasets
and query images. The largest increase in recall occur forethVall, Bikes, and Trees
datasets, which is expected due to the out-of-plane rotatio(Wall) and blur (Bikes,
Trees) e ects captured in training TailoredBRIEF. Similar performance results for
datasets whose e ects aren't simulated in training TailoréBRIEF, including lighting
change (Leuven) and image compression (UBC). The Grati dataet, as well as
Bark and Boat (not included), involve large in-plane imageatations that require an
orientation-aware descriptor to improve performance.

For datasets whose e ects are captured in training (Wall, Bées, Trees), we con-
sider the increases in recall by column. For query image 2, are the magnitude of
out-of-plane rotation or blur is small, recall is already inthe 60-80% range and we
see improvements of about 5%, more in the case of Wall. For queémages 3 and 4,
the recall often improves by 10%.

These results are summarized in Table 4.2. The area under tReecision-Recall
curve was computed for both BRIEF and TailoredBRIEF using tle 7-pixel box lIter.
By this metric, TailoredBRIEF's performance exceeds BRIEF'$or most tests, and
exceeds or matches BRIEF in all but one case.

4.5.3 Computation time

Runtimes for various stages of BRIEF and TailoredBRIEF wereomputed on a Dell
Precision M6800 laptop with an Intel i7-4900MQ 2.8GHz procssr and are shown
in Table 4.3. The total times are reported averaged over 10@dls using 812 image
features detected on the rstimage in Wall. Box ltering is gotional but, if enabled,
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Figure 4.7: Precision-Recall curves for all datasets and images. See Figu#.6 for a legend.
Plots are organized by dataset (row) and query image number (column). All étasets
show some increase in match quality for TailoredBRIEF. This increases greatest for the
Wall, Bikes, and Trees datasets, which primarily involve out-of-plane rotation (Wall) and
blur (Bikes, Trees). Performance is generally the same for the Leuveand UBC datasets,
which involve e ects not simulated in training for TailoredBRIEF, i ncluding lighting change
(Leuven) and signi cant image compression (UBC).
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Dataset Method Area Under the Precision-Recall Curve
lvs?2 1vs 3 lvs4 l1vs5 1vs 6
wall BRIEF 0.873 0.771 0.529 0.227 0.037
Proposed 0.884 0.793 0.555 0.238 0.030
Bikes BRIEF 0.808 0.735 0.627 0.506 0.279
Proposed 0.830 0.764 0.645 0.576 0.347
Trees BRIEF 0.693 0.572 0.407 0.227 0.082
Proposed 0.696 0.597 0.460 0.319 0.188
Leuven BRIEF 0.796 0.741 0.736 0.708 0.685
Proposed 0.801 0.767 0.745 0.721 0.689
UBC BRIEF 0.895 0.880 0.840 0.751 0.607
Proposed 0.897 0.890 0.844 0.769 0.653
Gra ti BRIEF 0.066 0.085 0.000 0.017 0.000
Proposed 0.056 0.141 0.000 0.016 0.000

Table 4.2. Area under the Precision-Recall curves for all datasets and iages. Results
shown correspond to BRIEF and the proposed method, TailoredBRIEF, sing a 7-pixel
box lter. The areas have a maximum achievable value of 1 and are arranged icolumns
sorted by image pair (e.g. 1 vs 2). The greater of the two areas is shown in balfor each
combination of dataset and image pair for di erences of 1% or more. TailoredBRIE yields
the greater area measure in 19 of 30 trials, while BRIEF yields the greatearea measure
in only 1 of 30 trials. See Figure 4.7 for additional discussion of the perfonance on these

datasets.
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is needed for both the descriptor extraction and mask leaimg steps.

BRIEF and TailoredBRIEF require the same amount of time for dscriptor ex-
traction, which is negligible in comparison to the box Iter Matching takes 0.97 ms
longer for TailoredBRIEF due to the inclusion of a descriptomask. The amount of
time required to learn a descriptor mask depends on the numbaf viewpoint samples
used: 16.07 ms for 10 samples, 37.94 ms for 25 samples, and2849s for 100 sam-
ples. If learning masks on keyframes using 25 viewpoint saleq masks are ready
for use with just over a one-frame delay at 30 FPS, which shoulae su cient for
most applications. With a small number of samples, masks cadube learned for every
frame, if desired.

4.6 Summary

Viewpoint changes introduce variability into intensity-test feature descriptors. Due to
the inherent and desirable variability in feature appearate, some fraction of intensity
tests will sample from unstable portions of the surroundingnage and will result in
descriptor errors under viewpoint change. This decrease fest reliability leads to
feature matching errors, as we illustrated in a synthetic emple.

The proposed method, TailoredBRIEF, addresses this varidiy through the in-
troduction of an in-situ descriptor learning stage. By simlating viewpoint change on
individual features at runtime, the variability of each intensity test is characterized
on a per-feature basis. This online learning stage allows itaedBRIEF to e ec-
tively implement a unique descriptor structure for every fature. This results in a
substantial increase in match precision and recall.

TailoredBRIEF is designed to take advantage of an asymmetniy visual motion
estimation system design. Namely, that the descriptors excted for reference im-
age features are reused at every match step in keyframe and pyizased systems.
This property can be exploited to amortize extra computatin on reference features.
TailoredBRIEF takes advantage of this asymmetry by perforimg online learning
on reference image features, improving matching performanwith little impact on
memory usage or the computation time required for feature ntehing.
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Step Time (Ms)
BRIEF TailoredBRIEF

Box lter 4.24 4.24

Compute descriptor  0.26 0.26
Match features 1.89 2.86
Total 6.39 7.36

Table 4.3: BRIEF and TailoredBRIEF runtimes for each stage of descriptionand matching.
BRIEF and TailoredBRIEF have identical runtimes for ltering and d escriptor extraction,
but the matching runtime is higher by 0.97 ms for TailoredBRIEF due to the integration
of descriptor masks. Both methods are well under the time constraintfor a typical 30 FPS

or 60 FPS runtime budget.
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Chapter 5

Visual Odometry as a Search

Visual motion estimation methods used by robots that operatén mixed indoor-
outdoor environments must be robust to feature content vaability. Many modern
building interiors lack texture due to their simple visual @sign. This lack of texture
can cause motion estimation dropouts when the required mmum or preferred num-
ber of features are not visible. While texture is sparse in tlke environments, strong
intensity gradients are usually present. Gradients oftenazur around door frames
and at oor-wall junctions, for example.

We propose edge-based visual odometry to address the isstiéeature-dropout.
In the stereo camera case, edge detection and matching is eat and very accurate,
even with simple, parallelizable methods and an order of maigude increase in feature
counts. Further, edge matching in the stereo case yields arcient sparse range
sensor. We show, for example, that 1000 camera-frame 3D psinan be generated
by a sparse stereo system in 4 ms with 95% correspondence ey

The primary challenge in edge-based visual odometry is in ectively matching
edges across the unknown camera motion without excessivstrietions on the inter-
frame camera motion or approximations of the observation ndel. This is complicated
by the similar visual appearance of adjacent patches along adge. Due to this visual
repetition, descriptor-based matching is prone to failuteas it relies on descriptor
uniqueness.

Figure 5.1 illustrates edge feature matching with and withduthe geometrical
constraints that arise when the camera motion is known a prio Obvious outliers
are present without the resulting epipolar constraints, bumany subtle errors on the
order of a few pixels are also present. Both would have negegiconsequences for
motion estimation.
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(a) Matching without constriants

(b) Matching with constriants

Figure 5.1: Edge-feature matching with and without motion constraints. Edge features
are detected and matched using pixel patch descriptors between twv stereo-recti ed im-

ages. Colored line segments connect the features from both images, wherelor denotes
depth according to triangulation. (a) Without applying the epipolar geometry constraints

during matching, geometrically-implausible matches are formed from oor to ceiling and
di ering walls. (b) Application of the epipolar constraint yields a mor e accurate set of
correspondences.

This thesis addresses this issue through the developmentaadescriptorlessvisual
motion estimation method, Perspective Alignment Search (PASthat is applicable
to stereo visual odometry, embraces the pinhole camera madnd operates reliably
for a wide range of frame rates. This chapter rst describesnd evaluates the edge
features used in the proposed visual odometry system in Secat5.1, then describes
and evaluates PAS in Section 5.2.
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5.1 1D Features for Fast, Sparse Stereo Matching

In a calibrated stereo system, the typical sparse stereo feee tracking pipeline for
visual odometry or object tracking with 2D features neglesta key property of the
stereo camera model | that there is only one degree of freedoror any compatible
correspondence. The stereo matching problem is so well-stvained by the epipolar
geometry of the stereo system that 2D features are more loieable than is necessary.
We propose the use oiD featuresfor sparse stereo matching and demonstrate that
these 1D features can be readily detected in large quantitigslittle time. In addition,
these matched features yield error rates comparable to 20exhatives when evaluated
on the Middlebury dataset.

The contributions of this work include:

" A framework for sparse stereo matching incorporating epifay geometry early
in the pipeline

" E cient methods for 1D feature detection, matching, and subpixel alignment

" A comparative evaluation of 1D and 2D features for sparse s&® matching
using the 2006 Middlebury dense stereo dataset, includingy a&valuation on
synthetically-degraded imagery

Figure 5.2: Sparse feature detections and depth map for 1D features deted with a cali-
brated stereo system. The 1D features are detected with a 1D convolidnal lter along the
rows of two stereo-recti ed images, matched, and triangulated. (righf) All matched features
colored by depth (green to blue from 0-15 m, red beyond 15 m).
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5.1.1 Prior Work

Feature detectors have long been used in computer vision tocfis processing on
portions of the image with strong signal, or represent the iage abstractly with
highly-invariant image features. These detectors are typally categorized as corner,
edge, or region detectors and much work has been done in th@hin. A few of the
most well known detectors include the Harris [19] and FAST [2@orner detectors,
the Canny edge detector [25], and region detectors such a&B[26] and SURF [27].

Dense methods have also been a focus of much research, sudfease disparity
estimation (dense stereo) and optical ow. Scharstein andz8liski published the well
known Middlebury dense stereo datasets for evaluating denstereo methods against
ground truth [14, 15], including a review of approaches. Rewt work by Newcombe
et al. demonstrated monocular camera tracking with a densepresentation on a
GPU [47] and showed great resilience to motion blur, but hep\GPU usage may
require too much power for use on small robotic platforms.

Methods for visual pose estimation follow a typical patterrof detection, feature
matching across unknown motion, and solving for the maximuwiikelihood pose. Of-
ten interspersed in this pipeline are features like rotatio estimate initialization [7],
coarse-to- ne tracking [5], and outlier rejection [7, 6]. Whe monocular methods like
MonoSLAM exist [4], stereo methods have the advantage of obsag scene scale at
every frame, preventing scale drift. Many visual pose estation methods are stereo-
based [7, 37, 45, 22]. Some use the second camera only peyadlg to initialize
features with known scale [44].

Most visual pose estimation methods make use of point feags such as those
from Harris or FAST. However, recent work has made use of edgetteas for both
monocular [65] and stereo SLAM [66]. Eade used adgeletformulation, with the
understanding that observations of edge features can notaease the uncertainty
in the direction along the edge. Tomono used a point-basedpresentation of edges
detected with the Canny edge detector for 3D SLAM with an itertive closest point
method to compute camera motion.

A recent work from Schauwecker et al. [67] examined the use sparse visual
features in the stereo context, extending FAST and optimizijm when possible with
SSE. This method, however, still makes use of a 2D feature detor, perhaps due to
savings in runtime by skipping full-image recti cation.
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5.1.2 Method

We propose detecting 1D features with 1 8 Iter and a magnitude threshold. This
computation is simple and straightforward to optimize withexisting vector instruc-
tions such as SSE or ARM NEON. As a descriptor for these featuresewse a1l 16
pixel patch. This descriptor is also compatible with vectomstructions, as it is loaded
with a single instruction and e ciently compared in vector form. Because we use an
even lter width, our feature detections are initially locaed halfway between adjacent
pixels. Figure 5.3 illustrates this \1D convolutional" detetor.

In addition to the 1D convolutional detector, we explored te use of a 1D gradient
detector and compare to a 2D gradient detector and the FAST-@&ture detector. In
all four cases, we use the same 1D descriptor and matching glipe to ensure fair
comparisons between methods. We also compare to a more tgbisystem | FAST
features with a 2D descriptor.

K] R [ 71
1D Gradient 1D Convolutional
- ‘| - |' ~
2 1
] [9] "V
[ ]
2D Gradient FAST-9

Figure 5.3: lllustration of the feature detectors evaluated in this work Two instances of a
1D detector are used to compute edges. We compare against two 2D detectoms gradient
magnitude detector and the FAST-9 feature detector. Orange circles deote the center of
the detection | for the 1D detectors, a oating point coordinate is used to precisely locate
the edge.

5.1.2.1 Detection and Suppression

The SSE-optimized feature detectors shown in Figure 5.3 armplemented using
addition and subtraction operations on 8-element vectorsftar conversion from 8 to
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16 bits to avoid over ow. Once the response has been computede absolute value
is taken and a threshold applied with further vector operatns.

Non-extrema suppression is applied on an intra-row basis. [guession does not
carry over multiple rows, as it is easier to skip entire rowsuting detection. This
reduces the number of features evenly across the image angesaruntime propor-
tional to the percentage of rows skipped. In addition, horizdgal-only non-extrema
suppression reduces the possibility of suppressing a faatwn di erent rows in the
two images, which would preclude matching.

5.1.2.2 Matching and Sub-pixel Alignment

Feature matching is achieved by computing the nearest neigbrs. Let the left image
be image \A" and the right image be image \B". We iterate over dl features in A
and B and group features by row. Then, for every row, we iteratover all features
in A and compare each of them to all features in B, keeping theebt match in B
for each feature in A. This, however, can result in multiple ntahes for features in
B, so only the best match for any feature in B is kept in a marrige-like approach.
For comparisons, we use the Sum of Absolute Di erences (SAD)rer with the SAD
vector instruction in SSE.

The candidate matches are rst screened using the matchindpieshold without
alignment. From here, we perform sub-pixel alignment on theescriptors and linearly-
interpolate the aligned descriptor. Sub-pixel alignmentsi carried out by computing
the position o set for the feature in B with feature A held corstant. Sub-pixel align-
ment has been studied previously in super resolution and ierplate tracking such
as ESM [68]. With only one direction for sub-pixel re nementwe can solve for the
mean-squared error solution as below.

Let aand b be the 1 N intensity vectors for matched features from images
A and B, respectively, whereb is the sub-pixel aligned descriptor. If the sub-pixel
alignment, , were known and in the interval [Q1), we could write b using linear
interpolation as:

b =01 Yon 1+ ban (5.1)
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Let r and 4 be de ned as follows:

r=a b):N 1 (52)
4 =y 1 biw (5.3)

Then it can be shown via algebraic manipulation that the measquared error is
equal to:

MSE

Ni(a b) (@ b) (5.4)

Ni(r+ 4)(r+ 4) (5.5)

By taking the derivative and setting it to zero, we can solvedr as:

rT4

RS (5.6)

For every match, we perform one step of sub-pixel alignmennd reject o sets
outside of the interval [ 2;2]. We then computeb using linear interpolation and
verify that the aligned matching error remains beneath the @aiching threshold.

5.1.3 Evaluation

We evaluate our 1D feature detectors and descriptors usinge Middlebury dense
stereo datasets [15]. These datasets include ground trutisgarity information com-
puted by projecting a sequence of grayscale images onto atistacene and matching
the sequence of observed intensities between images. Iratp21 scenes were captured
with varying amounts of texture and objects in the scene. Wese the third-resolution,
binocular stereo images with the single exposure and illunation for evaluation. The
images are converted to grayscale for use in this work. Figuse4 shows detections
and matched feature disparities for the Midd1 and Rocks1l Madlebury scenes. The
detections and matches shown are from the SSE-optimized 18ngolutional detector.
The feature types we evaluate overlap as much as possible tbe sake of fair
comparison. All custom 1D and 2D features utilize independg SSE-optimized de-
tection routines. For the FAST feature detector, we used the AST-9 source code
available online [20]. For both the custom 1D and 2D detectsrand FAST-9, we
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(a) Midd1 detections (b) Rocks1 detections

(c) Midd1 matches (d) Rocks1 matches

Figure 5.4. Example 1D convolutional Iter detections and matches on the Middl and

Rocksl images from the 2006 Middlebury dense disparity dataset. The pameters were
chosen to minimize runtime while maintaining a high percentage of ifier matches. Non-

extrema suppression and sub-pixel alignment were used. (Top) Detted 4165 and 6500
features from the grayscale-converted Midd1 and Rocks1 datasets wWitthe 1D convolutional

Iter. (Bottom) Matched features plotted over the ground truth disp arity images. Shown
are 1713 and 3514 matches for Midd1l and Rocksl, respectively. Disparity inchted by

the color of matched features (green: small, cyan: mid, blue: large, wte: unknown).

Red matches indicate outliers according to a 1-pixel disparity errorthreshold. These false
matches tend to occur at occluding contours, where the detection @y lie on either the

foreground or background disparity label.
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evaluate using our own 1D non-extrema suppression, 1D deptwrs, and matching

pipeline (coarse matching followed by sub-pixel re nemeht We also compare to
FAST with a 16 16 pixel-patch descriptor, with and without our implementaon of

the ESM sub-pixel minimization algorithm [68]. This fully2D FAST pipeline is most
like systems typically used in practice.

The legend entries in all plots are pre xed by the type of deteor pipeline and the
type of descriptor pipeline (e.g. \2D,1D" for a 2D detector wth a 1D descriptor and
sub-pixel alignment). The legend entries also contain keynds to denote enabled
options: \SSE" denotes a fully SSE-optimized pipeline, \SStesc" denotes use of
only the SSE-optimized descriptor, \noalign" denotes thealck of sub-pixel alignment,
\suppress" denotes use of non-extrema suppression.

These plots were generated by sweeping over the main two paeters for all
methods, the detection and SAD matching thresholds, with a meextrema suppres-
sion width of 3 pixels. Using the results of these parameter seps, we then linearly-
interpolate to generate contours with a constant number of atched features. This
allows us to plot runtime and inlier percentage together to ake the performance
trade o clear. In addition, this ensures that no sub-optim&parameters are mistak-
enly selected, which is important to properly compare di eang 1D and 2D pipelines.

Figure 5.5 shows the results for all methods with 500, 1000, (#5 and 4000
matched feature pairs. The x-axis shows runtime in milliseads while the y-axis
shows the percent of matches considered inliers. A match isnsidered an inlier if
the disparity is within one pixel of Middlebury's ground truth. Both values are com-
puted as dataset-wide averages. The ideal detection and roling pipeline would be
located in the top-left corner for any given plot, which comsponds to instant gener-
ation of the desired quantity of matched features without ay false correspondences.
As the series of gures at 500, 1000, 2500, and 4000 matchesisttbe relative perfor-
mance of detectors varies as the target number of matchesrneases. At 500 matches,
FAST-9 with a 1D descriptor and matching pipeline is the mostdeal compromise
between speed and accuracy with an inlier percentage of ¥®and a runtime of 3.4
ms. Switching to a 2D descriptor without sub-pixel alignmetnyields almost identical
performance in this regime.

While FAST feature matches are correct more often for small numers of matches,
as the number of matches increases, the 1D methods maintdioth their percentage
of inliers and runtime better than FAST. At 4000 matches, the D convolutional
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Figure 5.5: Plots of runtime vs. percentage of inliers with a constant nunber of matches per
plot. The results of a nely-spaced two-dimensional parameter sweepver the detection and
SAD matching thresholds were linearly interpolated to generate consint-match contours.
The plots compare runtime in milliseconds against the percentage of mates considered
inliers, where an inlier is de ned to have a disparity within 1 pixel of Middlebury's ground
truth. As the number of matches increases, the ideal method changesdm FAST-9 to the
1D convolutional detector, especially if runtime is prioritized.
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detector and FAST with a 1D descriptor both have matches that@ 95% inliers, but
the full runtime with the 1D detector is 2 ms faster at a total & 12.6 ms. Similarly,
the total runtime for the 2D matching pipeline with FAST now exceeds 15 ms, and
the 2D pipeline with sub-pixel alignment is not visible withn the plot extents.

The example matches on the Midd1 image in Figure 5.4 show a lioé features
labeled as errors by the ground truth system. This is becauséa slight misalignment
of the detection with the disparity label for features on odaoding edges, where the
disparity discretely transitions from a foreground to bacground value. One inter-
pretation of the higher inlier rate for FAST is that it tends to not detect features on
edges. Using the most similar disparity in the range [x-1,xf|Ireduces this o -by-one
penalty. Figure 5.6 depicts the inlier percentage using thik-pixel tolerance with the
center of detection for 2500 matches. By comparing to Figure5 it is clear that
the 1D convolutional detector has only a slightly-reducedgrycentage of inliers while
gaining a reduction in runtime by 2.9 ms.

Table 5.1 depicts the runtimes for each stage of the deteatiand matching process
with 2500 matches and the 1D convolutional detector. The dettion and matching
parameters were chosen to correspond to the top-left pointrfthe 1D convolutional
detector as shown in Figure 5.6. The total time of 6.6 ms corqgsnds to merely 20%

Figure 5.6: Percent of match inliers when a 1-pixel horizontal tolerancds used to prevent
incorrect penalization of features on depth discontinuities. Edge fatures tend to yield

correct disparities on occluding edges, but whether the foregroundr background disparity

should be used is ambiguous. By using the closest disparity in the rage [x-1,x+1], we see
that the gap between FAST and 1D convolutional accuracy disappears.
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of a 33 ms, or 30 FPS, processing budget. The bulk of time is sp&m detection,

suppression, and matching, with very little time for copyig the pixel patches (op-
tional), 1D sub-pixel alignment, and triangulation using he recti ed camera model.
These results were computed on a 2.7 GHz quad-core i7-3740QMdHook Pro with
single-threaded, SSE-optimized routines.

Step Runtime (ms) SSE optimized
Detection 1.50 X
Suppression 1.60

Description 0.80

Matching 2.10 X
Sub-pixel alignment 0.26

Triangulation 0.35

Total 6.62

Table 5.1: Time required to generate an average of 2,500 matched features onetiMiddle-
bury dataset using the SSE-optimized 1D convolutional detector. Detetion and SAD error
calculation in the matching stage were SSE optimized. The remainingtages either did not
lend themselves to easy optimization or show a signi cant performanceyain.

5.1.3.1 Impact of synthetic image degradation

Many applications in robotics operate in diverse environnmgs, often indoors. While
shutter times outdoors can be extremely small with good reksi (sub-millisecond with
zero dB gain), adequate lighting is rarely guaranteed. In aition, mobile robots risk
inducing motion blur with long shutter times. A desirable déctor would be robust
to both modest amounts of noise and blur.

We rst explore the e ects of sensor noise by adding zero-meaGaussian noise
to the grayscale images. Figure 5.7 shows the impact of Gaassinoise with both
1 and = 3 for all methods and 2500 matches. With a small amount of nas
1, it is hard to discern a di erence in the percent of inliersfor most methods.
However, for a large amount of noise, = 3, the performance di erence is noticeable.
Most methods lose 4-10% of inlier matches, while the 1D cotwional detector only
loses 2%. The result is that the convolutional detector stihas an inlier rate near
95% with 2500 matches, despite Gaussian noise with= 3.

Figure 5.8 shows the impact of blur on the input images. We blted with a
Gaussian kernel with = 1:5 for all scenes. Some methods, like the 2D gradient, lose
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over 10% of inliers. For most methods, the change is closeri%. The methods with
the best inlier rate include FAST (1D and 2D without sub-pixelalignment) and the
1D gradient detector.

These results show that the 1D convolutional detector is raist primarily to im-
age noise. While other methods may outperform the 1D convolahal detector on
blurred images, the formation of blur is controllable by theapplication, as most im-
age sensors allow exposure control or prioritizing incressin gain over shutter time.
Consequently, blur can be avoided at the expense of incredseise, which the 1D
convolutional detector adequately rejects.

5.1.4 Summary

We have introduced an e cient framework for 1D feature detetton and matching
in stereo systems with precise calibrations. While 2D feates are common in such
systems and increase similarity to monocular methods, 1Dateires are su cient for
generating precise, sparse point clouds with large numbestfeatures. Further, 1D
features are easy to implement e ciently with SIMD instructions and we show that
a modern processor can match 2,500 features in 6.6 ms with 98%ers. We also
demonstrate the robustness of multiple methods to noise amdotion blur and nd
that a 1D feature pipeline can be more robust to noise than sitar 2D pipeline, while
maintaining a very low runtime.

67



Figure 5.7: Runtime and percent of inliers with 2500 matches and additivenoise. (Left)
Gaussian noise with = 1. (Right) Gaussian noise with = 3. As the strength of the
noise increases, the percentage of inliers decreases for all methodsor = 3, the 1D
convolutional detector has the highest inlier percentage at 94%.

Figure 5.8: Runtime and inlier percentage for 2500 matches with blurredmages. A Gaus-
sian kernel with = 1:5 was used to simulate signi cant motion blur.
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5.2 PAS: Visual Odometry with Perspective Align-
ment Search

Feature-based visual motion estimation methods can fail ianvironments where
point or blob features are rare. Edge-based methods provide alternative to these
approaches, and we have demonstrated the ease and speed wiliich large quan-
tities of edge features can be generated. However, a methogbaiale of accurately
associating these features and estimating the correspomglicamera motion is needed.
We demonstrate adescriptorlessapproach for data association and motion estimation
between sequential poses.

Another candidate for descriptorless scene alignment is ua localization. Like
visual odometry, visual localization is concerned with eisbating the pose of the cam-
era. However, in contrast to odometry, localization is conosed with recognizing the
surrounding location given a prior map of the environment. Acommon problem in
visual localization is descriptorighting invariance, as signi cant lighting changes can
occur between map creation and use. A descriptorless methwduld provide robust-
ness to lighting changes, provided that feature positiongmain stationary under such
conditions. While localization is outside of the scope of thithesis, it does motivate
this approach.

In contrast to descriptor-based visual odometry, we prope#erspective Alignment
Search(PAS), a method for estimating the transformation that best éigns the entire
scene, without use of descriptor matching or outlier rejeicin. PAS is formulated as
a multi-scale search over the camera motion. It is a descrgtess method with only
implicit data association, a byproduct of computing the trasformation that best
aligns both observations of the scene. As a result, PAS can wé the edge features
detected by a 1D gradient lter, whereas a standard descript matching approach
would fail to nd unique matches amongst a set of indistinct dscriptors.

PAS was inspired by a correlative approach to LIDARscan-matchingthat is
robust to local minima and posed as a multi-scale search oveose in the planar,
3 DoF case [51, 3]. However, unlike planar LIDAR scan-matchingAS is enabled by
a bound on perspective motion of points in the scene under bwed 3D motion.

1© 2014 IEEE. Adapted with permission, from Andrew Richardson and Edwin Olsn, \PAS:
Visual Odometry with Perspective Alignment Search," September 2014.
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The contributions of this work are:

" Adaptation of a multi-scale pose search algorithm from LIDAR an-matching
to the perspective case using the pinhole camera model

" Development of a bound on the perspective motion of a point der 3D trans-
lation

" Performance evaluation against both synthetic data and a DAR SLAM solu-
tion on a mobile ground robot

5.2.1 Related work

Recent literature focuses primarily on point and blob featwes for visual state estima-
tion, but edge features have been used on occasion in priorrkioFor example, Eade
and Drummond showed how to usedgeletsin a monocular, particle- lter SLAM
system [65].

Point clouds formed from edge feature matching in a stereontext capture unique
scene geometry reminiscent of planar LIDAR scans. This sugtethat similar meth-
ods can be employed for motion estimation with edge featureghis was demonstrated
by Tomono, who used a variant of Iterative Closest Point (ICIP point-to-edge align-
ment in visual odometry [66, 36]. Iterative minimization issubject to local minima,
however. This led Tomono to run ICP with multiple random initalizations when
used for localization.

Local minima are also a problem for LIDAR point cloud alignmen especially
when iterative methods are used from poor initializationskor this reason, Pandey et
al. described a method for visually bootstrapping a varianof ICP [69]. A di erent
approach was taken by Olson for planar LIDAR scan-matching, o showed that
a correlative search is robust to local minima while a multiesolution formulation
exhibits signi cant runtime improvements [51]. This appr@ach was later extended to
more than two levels in the multi-scale search [3]. These vksrform the basis for
PAS.

Other approaches to descriptorless and indistinct featunmatching have been ex-
plored in the literature. Rodrguez et al. described a methd for descriptorless track-
ing of a set of point features [70]. This method relies on a moh model restricted to
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the image plane, which assumes that no perspective e ectscoc apart from an over-
all scaling term, thus limiting the accuracy of this approxination to high frame rates
relative to the camera motion. Methods for associating wedkatures have also been
explored. Hsiao et al. described a method to use features wahmilar descriptors, ef-
fectively delaying the match rejection step until the poseypothesis stage [41]. Unlike
the proposed work, Hsiao's method was focused on the objectognition domain.

5.2.2 Method

We wish to compute the camera motion that best-aligns two obsvations of a scene
with a stereo camera pair, and to do so without the use of degators. We achieve
this by posing the problem as a search over the relative camaemotion between two
poses, using a multi-scale search representation in a brarend-bound framework.
The key components of this formulation are a bound on the pgrsctive motion of
a point, integration into a branch-and-bound search, and amappropriate choice of
features.

To make this process e cient and suited for online use, PAS enfgys an external
orientation estimate, such as from an Inertial Measurementnit (IMU). Given this
estimate of the orientation, PAS searches for the unknown trafation that best-
aligns the observations. While relying on an orientation eshate is a limitation of
this method, IMU ICs resulting in orientation drift of a few degrees/minute can cost
less than$15 (e.g. InvenSense MPU-6050). Further, IMUs are ubiquitousreongst
mobile robots.

It is worth noting that methods based on vanishing-point estnation are capable
of estimating the relative rotation between two frames, inependent of the camera
translation [8]. Such a method could provide a rotation estiate for PAS in place
of an IMU. However, this would restrict the use of PAS to environents where two
or more vanishing points can be robustly and continuously #®ated [8]. This is an
undesirable limitation for robotic platforms designed to wrk in diverse environments.
Consequently, such an approach is not considered further tinis work.

5.2.2.1 Multi-scale search

In a bundle adjustment framework, we would simultaneouslyoenpute the Maximum
Likelihood (ML) solution to estimate the transformationsT ; for cameras 2 f 1;:::ng
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and the positionsk,- =[x;;Y:z]" for 3D pointsj 2 f 1;:::mg. The transform T is
a rigid-body transformation that projects a point from the body frame to the world
frame, while the pointsX; are de ned in the world-frame and may have an associated

observation in imagei, denotedz;; . Then, the ML solution corresponds to:
X
argmin  kz; project(K; T, 1R )k (5.7)
LIRS

where K is a typical skew-free camera matrix with focal lengthsf(;f,) and focal

center (C; ¢y): 5 3
fu 0 ¢
k=30 t, ¢85 (5.8)
0O 0 1

In the stereo case, we can estimate the positions of imagetigas from a single
pair of images. Like Tomono [66], we refer to each image pais a stereo frame
Let X; be rede ned as the camera frame position in the current stereo frame. The
reprojection error against a previous observation is:

kzi 1; project(K; T, 41X;)k? (5.9)

Because we take the positiofﬁj to be the triangulated point in the current stereo
frame, the only unknowns are the correspondences betweenrent and previous
observations, as well as the camera poses. If sequentiastimating the camera
motion, as in the visual odometry problem, we need only estate a single relative
transformation, T, which can be parameterized by a rotatiodR and translation f as

R f#
T = o 1 (5.10)

Using an external estimate ofR, PAS searches over a discrete set of candidate trans-
lations to compute the ML estimate off.

PAS is formulated as a branch-and-bound search with a multeale representation
and a xed depth. The search is parameterized by the number &dvels in the multi-
scale search, and the di erence in translations, between adjacent leaf nodes. The
nodes are spaced at integer multiples & in each dimension and nodes at Levél
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have at most 3 child nodes in each dimension at Level 1 (up to 27 child nodes
for 3D translation). Thus, the node spacing on each axis &'. A one-dimensional
illustration of the tree topology is shown in Figure 5.9.

Level 2:

Level 1:

Level O:

P
il 1 1 1 1 1 1 1

-'s -3s -2s s O S 2s 3s 4s

Figure 5.9: lllustration of the PAS search tree for a one-dimensional sealc Nodes at
Level 0 are positioned at integer multiples of the minimum resolutions. Nodes at Level 1
and above have at most 3 child nodes per dimension. The parameter x corresponds to
the maximum position o set for any child node.

The search begins by initializing all nodes at the top levefehe search to cover the
search range. Nodes are scored using a lookup table appragarifor their search level,
where higher scores are better, and added to a max heap. At le¢0, the lookup table
is simply an image containing a nite-range, thusobust quadratic kernel rendered
for each matched feature in the reference image. Higher-le\@okup tables specify
upper bounds on the kernel value for points under some unknowranslation up to

X;. In this way, a single lookup at Level can e ectively rule out entire branches
of the search tree, greatly speeding up the search.

Once the initial set of scored nodes has been added to the maeab, the search
proceeds by removing the best node from the heap aedpandingit, creating scored
child nodes and placing them in the heap. If the best node is Hie maximum search
depth, Level O, the search is complete | no other nodes at LeV® have higher scores,
nor do any nodes exist whose children could yield higher seer

Given a lookup table at Levell, the score for a node with translatiorf can be
computed by projecting all translated points into the lookp table.

X
score(l; f) = % lookup(l; project(K ; RX; + )) (5.11)

=1
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where the functionlookup(l; py ) simply loads the value from lookup tablé at position
pxy determined by the projection of the transformed point.

Lookup tables are generated for a single reference camerg, ehe left camera.
This results in comparable accuracy and a signi cant runtira reduction. The Level 0
lookup table is generated by rendering a kernel at each featuposition using the
max operator, where the kernel is scaled such that higher uals are better. For a
feature that projects to a given pixel locationp,, and a kernel whose value changes
monotonically with distance, looking up the value atpy, corresponds to selecting
the nearest observatiorg; 1, computing the distance betweerp,, and z; 1;, and
evaluating the kernel function for that distance. Becausehte kernel values are pre-
rendered into the lookup table, the score for a given pose che computed without
computing the data association between observations andgpected points. We use a
quadratic kernel with a xed radius, computing the negativdog-likelihood for points
within range of an observation, and scale the kernel to Il te full range using 8-bit
images.

At levels 1 and above in the search, these lookup tables stangper-bounds on the
score for any child nodes. In the planar, LIDAR scan-matchingroblem [51, 3], these
tables can be computed by Itering the Level table with a max operator whose total
width corresponds to the translation between nodes at Levet 1. In the perspective
case, the search space (the unknown camera translation) eated to pixel space by
a perspective projection. Section 5.2.2.2 describes theidation of a bound for this
case.

5.2.2.2 Perspective motion bound under 3D translation

PAS's multi-scale search is enabled by a bound on the perspeetmotion of a trans-
lated point. By using this bound to render special lookup tales, PAS can evaluate
an upper-bound on the score of a range of translations at once

Consider a 3D pointX , = [Xa; Ya; Za]" in frame A and another measuremenk y,
of the same point related by rotationR and translationt. Let X, = RX + t. The
standard pinhole projection equation for a camera not exhiiing distortion or skew
relates X 5 to its pixel coordinate in the x-axis by:

p= F 5%+ ¢ (5.12)
Z.

74



and similarly for y. Given the following de nition for R in terms of its row vectors

Ri, Ry, and R3: ) 3
— Ry —
R=9 R, .y (5.13)
— Rz —

Equation 5.12 is trivially equal to:

Rlxb + tx +

" x 5.14
“RuXp * L, (5.14)

If the translation is unknown, we can rotate and project the pint X, without trans-
lation and relate the new observation oK, to the previous observation ofX , via:
R1Xp Xa 1t

Px = fx + ¢ = fy

+ 5.15
RaXp Z. 1, (5.15)

Where the absolute deviation oy, from py is given bydpy = jpx  pxj. We wish to
compute a single bound ompy given a bounded translation. We rst pick an upper
limit on the translation on all axes, X, such that:

X totyt, X (5.16)
We can de nety = X, ty = X, andt, = x for

1 1 (5.17)
We then manipulatedpy into a convenient form in terms ofX j:

dpx = jpx Py

Xa tX xa

Za t,  Za

ZaXa t) Xa(Za t) (5.18)
Z2  Z.t, 722 Zat,

_ xatz Zatx

SN Z2 7.,

= fy

:fx
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and nally substitute in the new de nitions of t,, t,, and t,:
X
dpx = fx X o——— (5.19)

We wish to compute an upper bound fodpy given the constraints on and . By
noting that Z, 0 and requiring that Z, > x for all points, it can be shown that
Z2 Z, xis strictly positive. Further, by noting that jX, Za ) ] Xa*+ Za
given the limits on , , and Z,, we merely need to minimize the denominator, which
can be done by setting to 1. This yields the desired bound omlpy :

JXaj + Z4

—— 5.20
Z2 Z, X (5.20)

dpx  fx
For any point X 5 and a limit on the translation x, we can bound the maximum
perspective motion. This bound is visualized in Figure 5.1®if a set of 25 points.
After the bound is rendered in white, the pixels where pointsould actually project are
colored in gray by sweeping over all valid translations andrpjecting the translated
points. This gure veri es that the bound is correct | no pixe Is colored in gray fall
outside of the white bounds. Further, the bound is tight | few white pixels remain
visible.

Figure 5.10: Visualization of the perspective motion bound. A set of 25 pointsarranged in
a5 b5 grid with each row at an increasing depth, is used to visualize the bound on motion
in the image of translated points. The pixel motion bound is rendered rst, in white, then
the set of points is translated numerous times in a ne sweep over th translation volume
and associated pixels colored over in gray.

This perspective motion bound allows us to construct our treslation-image pyra-
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mid. For a given search level, we set the translation limitto x; = 2(3' 1), where
s is the node spacing at Level 0. As depicted in Figure 5.9, thisatnslation limit is
equal to the distance of the furthest child node. We then ita@te through all points at
A and render a rectangle with width and height equal to twice tb value of the bound
on dpx from Equation 5.20, e ectively dilating the pixel (py; py) by the maximum
possible motion in image space. The value of the rectanglesit to the optimal value
of the kernel. After all rectangles are rendered, we renderdfrkernel with the max
operator centered at every border pixel. Figure 5.11 showsethresult for a 4-level
search.

5.2.2.3 6 DoF Non-linear Optimization

Once the global minima has been found given an initial camemientation, we can
perform non-linear optimization over the full pose state tamprove the position esti-
mate. For example, to reduce error due to inertial sensor dirior pose discretization.

We perform Gauss-Newton minimization with Tikhonov regulaeation. The Ja-
cobian is computed numerically from the Level O kernel imagend the state update
is scaled to ensure that the mean squared error decreaseqdfsuitable scaling term
can be found, optimization halts.

5.2.2.4 PAS-6D: Investigation of 6-DoF Search

The perspective motion bound previously described enablasearch over the 3-DoF
camera translation, with relative orientation provided byan external source. This
section describes how equivalent lookup tables can be cehtto perform a full 6-
DoF search, which we refer to as PAS-6D.

The translation-only bound was able to exploit the form of tlke pinhole projection
equations due to the axis-aligned translation limits. In tie 6-DoF case, the addition of
unknown rotation introduces extra variables whose e ects ust be similarly bounded.
An expansion of Equation 5.14 in terms of the rotation matrix ementsR;; provides:

_« RuXp+ R+ RygZp + 1y N
P = Tx R31Xp+ RaoYp+ RasZp+ t,

(5.21)

An approximate bound on the pixel motion can be investigatedybnumerically
computing the Jacobian of Equation 5.21 in terms of the camefeame translations
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(a) Level O (b) Level 1

(c) Level 2 (d) Level 3

Figure 5.11: Translation-image pyramid in a synthetic environment. Projected points sam-
pled along a wireframe are shown in red. Images correspond to a 4-levedach with trans-
lation levels of f2 cm, 6 cm, 18 cm, 54 crg. Level 0 uses the kernel image as described in
Section 5.2.2.1, while Levels 1-3 use bounds images using the translatioowund derived in
Section 5.2.2.2. Gray border added for clarity.

(a) Level O (b) Level 1 (c) Level 2

Figure 5.12: Translation-image pyramid using real features. 560 matched 1D e features
were used to generate this 3-level translation-image pyramid. Gray bater added for clarity.
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X;y;z and rotations' , , corresponding to roll, pitch, and heading, respectively.

Qp. @p. @p. @p. @p. @p

, ; s ; 5.22
@ @ @/@ @ @ (5:22)
The rst order pixel deviations on the x-axis are then given ¥:

dpix = Jun X+ Jip Y+ Jiz Z+Jiy " +Jis + Jis (5.23)

This linear deviation expression is maximized when the maignde of each trans-
lation and rotation parameter is maximized with signs matcimg the corresponding
term in J. This yields the rst-order bound:

jJdpoc) J Juadl Xj+ jnadi Yi+ [Jusfi Zi+ jaall T JF [Jusi S+ jJuel] ] (5.24)

Figure 5.13 illustrates the perspective motion bound in the-BoF case, similar
to the translation-only case in Figure 5.10. For a 3 3 grid of sample points with
depths varying by row from 2.5 m to 4.5 m, it is apparent that a mall number of
transformation states are not captured by this bound. Howevea numerical evalua-
tion indicates that fewer than 0.001% of all samples evaluad violated the rst-order
bound.

Figure 5.13: Comparison of the rst order pixel motion bound for PAS-6D and a swep
over 6-DoF transformations. For each point in the 3 3 grid, a dense sweep over combined
5 cm translations and 3 rotations yields the region in gray. The rst-order bound is

shown in white. The depth of each row increases linearly by 1 m from 3. m to 4.5 m.

In addition to this bound on the perspective motion of a pointthe search for-
mulation must re ect the extra degrees of freedom. From ourx@eriments, we found
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that the rotation component of the search should be resolvduefore searching over
translation. Given this policy, a set of corresponding loalp tables can be generated.
Figure 5.14 illustrates the result for a 5-level search.

(a) Level O (b) Level 1 (c) Level 2 (d) Level 3 (e) Level 4

Figure 5.14: Transformation-image pyramid for PAS-6D. From right to left, nodes at each
respective level are spread in this example by (8 cm, 4, (8cm, 2 ), (8cm, 1), (4cm, 1),
and nally (2 cm, 1 ), as nodes expand over rotation before translation.

Through this rst-order estimate of the 6-DoF perspective mtion bound, PAS-6D
is capable of optimally aligning two sets of observations thi unknown or corrupted
rotations. However, PAS-6D does not achieve rates compatibith real-time oper-
ation. Even with a small search range, 16 cm translation and 8 rotation, each
search takes multiple seconds to complete. Consequentlyetremainder of this chap-
ter focuses on the translation-only implementation, PAS.

5.2.3 Evaluation using synthetic data

A custom simulation environment was used to evaluate PAS in ntvolled conditions
with imperfect orientation estimates. A wireframe descrifion of the world was used
to create simulated feature matches between the left and hgcameras by stepping
down each line and projecting discrete points into all camas. A xed forward
velocity with sinusoidal gyro rates about the camera-fram& and Z axes was used
for the true robot motion. Orientation measurements are simlated and optionally
degraded with a drift parameter speci ed in degrees/secondrigure 5.15 shows this
environment with a deliberately-drifting pose estimate.

Figure 5.16 shows the mean and max error between the simulatadd the esti-
mated robot pose for frame rates between 5 and 30 FPS. Gyro tiff xedto 0.2 /son
all axes, and the pose is estimated in three modes: using PASing optimization
only, and using both. When PAS is used alone, the angular drifsiuncorrected and
the pose estimate exhibits a large, constant error. Using ndimear optimization alone
produces estimates with a mean error as low as 1 cm. Howeversitsensitive to the
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Figure 5.15: Simulation environment for PAS using a deliberately-driting pose estimate.
Estimated trajectory in red, true trajectory in blue.

size of the robust kernel | for low frame rates, optimization alone fails to converge,
as is clear from the max error plot. Optimizing after compung the solution with
PAS yields the best results, with an average error of less tharcm. This combination
is able to reject the gyro drift even at low frame rates and pauces more accurate
estimates than when using optimization alone, even at highérame rates.

Figure 5.16: Mean and max pose error for three con gurations against the true, shulated
pose as the frame rate is varied. Average errors included in legend.

Figure 5.17 shows the mean pose error for PAS followed by optration for three
frame rates. The amount of gyro drift, shown on the X-axis, isaried from 0 to 5/s.
As the frame rate is increased, the basin of convergence for PA8h optimization
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increases, where a drift rate of nearly Bis rejected at an update rate of 30 FPS.
For a lower drift rate of 0.5/s, an update rate of 10 FPS is su cient.

01

— (Avg: 0.036 m) 10 FPS, PAS+Optimization
—  (Avg: 0.021 m) 20 FPS, PAS+Optimization
| — (Avg: 0.017 m) 30 FPS, PAS+Optimization
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Figure 5.17. Mean pose error for three con gurations against the true, simula¢d pose as
the simulated gyro drift rate is varied. As the frame rate increases, more gyro drift is
successfully rejected.

5.2.4 Evaluation using a mobile ground robot

5.2.4.1 Implementation details

PAS is implemented in C and all results computed on an Apple Mad®k Pro 10,1
Intel Core i7-3740QM (4 cores) running Ubuntu 12.10 (native) Video is capture
via a custom stereo rig composed of two grayscale Point Greyré&y MV 1394a
cameras with Boowon BW3M30B-2000 M12 lenses separated by a51@m baseline.
Images are captured at 640 480 resolution at 30 frames per second. The cameras
automatically synchronize, and images are paired using hasnes and a passive time
synchronization algorithm [71]. In addition, a MEMS-graddMU is used to estimate
orientation rates [3]. The data is collected by the ground tmt platform used in the
MAGIC 2010 Robotics Competition [3]. LIDAR data is collectedfor comparison to
pose estimates from SLAM.

Feature detection is performed using the 1D convolutionalgdient detector shown
in Figure 5.2. Stereo-recti ed imagery is used, and detectiois performed on alter-
nating rows to improve runtime without a noticeable impact o accuracy. A 16-pixel
horizontal patch is used as a descriptor for matching betwedhe left and right im-
ages, leveraging epipolar constraints, at which point theedcriptors are discarded.
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Note that the PAS algorithm, which is a component in the larger sual odometry
system, does not use feature descriptors when estimatingetbamera motion.

PAS is implemented using a max heap and 8-bit lookup tables. A gdratic kernel
with a 7 pixel radius was used, scaled to Il the full 8-bit rage. The kernel is inverted
for use with the max heap. Keyframes are used to reduce errarcamulation, with
new keyframes created every 0.5 m or 1§ rotation. Point clouds used in search are
decimated uniformly by a factor of two to reduce runtimes.

We collected data to evaluate the PAS-based visual odometrystem on a mobile
robot as described in Section 5.2.4.1. The robot was drivehrbugh an o ce envi-
ronment at an average speed of 0.73 m/s and top speed of 1.2 ml$e video stream
is stereo recti ed, and a proportional controller on the fere detection threshold
maintains 800 matched features per stereo frame. The aveeagpmputation time for
image preprocessing and feature detection, matching, andaingulation is shown in
Table 5.2.

Stage Time (Mms)
Recti cation 4.2
Detection 6.0
Matching, triangulation 1.7
Total 11.9

Table 5.2: Average computation time for image preprocessing and stereo faae matching.

5.2.4.2 Experiments

To evaluate the trade-o between frame rate and total CPU lod for PAS, we con-
ducted an experiment in which a log was processed using 5, 18, and 30 FPS with
search parameters matched to the robot's velocity. Using a 2/snupper estimate
of the maximum velocity, we computed search parameters to @nse the unknown
motion and ensure that all searches have a terminal resoloti at Level O of 2 cm.
Table 5.3 shows the parameters and results for each of thetses. Computation
times per update for PAS search are shown in milliseconds, aslwas the estimated
runtime per second given the update rate (FPS), single-updatruntime, and addi-
tional runtime required for image preprocessing: recti d@gon plus feature detection,
matching, and triangulation. Additionally, rendering the translation image pyramid
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for each new keyframe took 4.7 ms for a 2-level search and 1Ifd.for a 3-level search,
averaged over the entire run.

FPS Range Levels Time CPU Time Ratio Nodes

cm ms % P95:P50 %
5 40 3 19.2 15.6 2.73 2.0
10 20 3 10.0 21.9 2.17 7.5
15 14 3 7.9 29.7 1.85 15.2
30 8 2 4.8 50.1 1.69 41.1

Table 5.3: Parameter sweep for PAS to nd the best update rate and search olution.
Image preprocessing (See Table 5.2) excluded in runtime measurentg but included in
estimated CPU load. The runtime ratio of the 95th to the 50th percentile runtime is
shown, as well as the percentage of nodes evaluated in the multi-scasearch.

The computation time per update in this table varies signi antly with the update
rate (FPS). A single search with the 5 FPS settings takes appriorately 4x as long
as a single 30 FPS search. However, when accounting for the nembf updates per
second as well as the computation time to rectify the imagesi@ detect features, the
30 FPS con guration requires 34.5% more total CPU load, denetl by the \CPU"
column.

While the 30 FPS setting requires more runtime, its runtimes & the most con-
sistent. This is demonstrated by the \Time Ratio" column, whch shows the ratio
of runtimes for the 95th percentile vs. the 50th percentile.This reduced variation
is explained by the percentage of search nodes that are ewkd, on average, in
the course of a single update. 41.1% of the nodes in the 30 FP&rsk volume are
evaluated, while at 5 FPS, only 2.0% of the nodes need to be exated. Choosing
an appropriate update rate requires balancing the trade-obetween CPU load and
near-real-time performance.

Table 5.4 shows the runtime, estimated load, and average jeatory error against
SLAM for the 5 and 30 FPS con gurations. The trajectory errors ee computed by
stepping down the trajectory in 1 second intervals and evadting the error of the
estimated trajectory against the SLAM reference trajectory A 5 second sliding
window is used for each evaluation and the transformation #t best-aligns the two
trajectories is applied before computing the error.

This table shows that PAS without optimization is comparablein terms of ac-
curacy to the alternatives, and that PAS without optimization can be much faster.
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Figure 5.18: Visual odometry with PAS vs. LIDAR-based SLAM for a 3 minute indoor trial.
(Color-mapped) The SLAM trajectory is assumed to be the ideal result,as it is computed
from LIDAR scan-matching with loop closures and global optimization. (Cyan) PAS was
run open-loop with keyframes, and with optimization disabled. Color mapapplied to SLAM
trajectory corresponds to relative trajectory error against PAS. Grid spacing is 5 meters.

Figure 5.19: Accumulated edge features after alignment with PAS. Individial points colored
by height and accumulated when well-aligned at short range. Camera trajetory in cyan.
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Method 5 FPS 30 FPS
Time CPU Error Time CPU Error

ms % m ms % m
Optim. 36.4 24.2 0.229 28.3 120.6 0.093
PAS 19.2 156 0.117 4.8 50.1 0.080

PAS+Optim. 45.2 28.6  0.092 30.3 126.6 0.088

Table 5.4: Comparison of methods for motion estimation using two frame ratesn a 3 minute
indoor log. Methods include non-linear optimization used alone, PAS, andPAS followed by
optimization. Image preprocessing time (See Table 5.2) excluded inuntime measurement,
but included in estimated CPU load. Error denotes average sliding-widow error.

At 5 FPS, using only non-linear optimization results in much fgher error, as may
be predicted following the evaluation in Figure 5.17. PAS falived by optimization
yields a slight improvement in the error. At 30 FPS, PAS requirg only 40% as much
runtime as the alternatives. For these settings, only PAS wliout optimization could
be run online at 30 FPS, though with additional optimizationsor greater decimation
that would not be the case. Finally, all variants at 30 FPS yieldsimilar local errors.

An example trajectory from real data is shown in Figure 5.18. PA®as run at
30 FPS and compared to the output of a LIDAR SLAM solution [3]. TheSLAM
solution is computed using loop closures and batch optimizan, while PAS is run
open-loop. PAS was run without optimization, following fromthe smaller runtime
and trajectory error presented in Table 5.4. The cyan trajaory corresponds to PAS
after applying the transformation that best aligns the entie PAS trajectory to that
of SLAM. The SLAM trajectory is shown with colors indicating the average sliding-
window trajectory error described previously. Errors are nimarily present during
large turns, which may be explained by feature density or byse of orientation from
an IMU, which slowly drifts over the course of the run. While thePAS trajectory
exhibits drift over the course of the log, due to accumulatioof gyro errors, this error
is small enough for closed-loop control or as a prior for a uel SLAM or localization
system.

5.2.5 Evaluation on the KITTI Dataset

PAS was evaluated on the KITTI Vision Benchmark Suite odometry dtaset [?], which
provides synchronized, recti ed stereo imagery at 10 Hz forvaluating odometry
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estimation on a car. Figure 5.20 shows a sample image with deed features, as well
as a translation-image pyramid from the previous frame witlligned features. While
PAS was designed with feature-poor indoor environments in nd, data from feature-

rich outdoor environments can be used if blurring and non-tbema suppression are
used.

Evaluation was performed using the rst 11 datasets from th&ITTI benchmark,
as the ground truth poses are available. Datasets 00-04 weiged to t the method's
parameters, while datasets 05-10 were used only for perf@amee evaluation. Table 5.5
shows the selected parameters.

Parameter Value
Row decimation 2
Desired number of matches 800
Search point cloud decimation 2
Search levels 4
Search minimum resolution 2cm
Search range 3.2m
Kernel radius 7 pixels

Table 5.5: Parameters for PAS evaluation on the KITTI dataset

As PAS requires an orientation estimate, the reference orieatton from the pose
ground truth was used. Subsequently, the PAS search computélie 3-axis transla-
tion. Table 5.6 shows the mean translation error, computedsahe average distance
between each translation estimate and corresponding redace pose update. Overall,
individual updates were on average within 2.5 cm of the refamce, or 2.6% of the dis-
tance traveled. Single-threaded operation on an Apple MacBk Pro 10,1 required an
average of 86.9 ms per update, including blurring, featurestection, feature match-
ing, and PAS motion estimation. This meets the 100 ms runtimeualget for the 10 Hz
video stream, while key steps such as search and translatiomage pyramid creation
could be easily parallelized.

The performance of PAS visual odometry is compared to other nheds evaluated
on the KITTI dataset in Table 5.7. The comparison was limitedo single-core, stereo
camera methods for fairness. Due to the need for referencéentations, PAS was
evaluated on datasets 5-10, while other methods were evak on datasets 11-21.
Because the KITTI translation error metric computes Eucli@an distances between
true and estimated sub-trajectories, it is sensitive to oentation error. This gives
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(a) Blurred camera image with detected features

(b) Level 3

(c) Level 2

(d) Level 1

(e) Level O

Figure 5.20: Example image from the KITTI dataset with detected features and corre-
sponding translation-image pyramid. (a) Sample image with detected feaires. Feature
colors from blue to green correspond to increasing feature depth. Reidicates an out-of-
range feature (valid range: 8-80 m). (b-e) Corresponding translation-imageyramid from
the previous frame with aligned features in blue.
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Dataset 05 06 07 08 09 10 Overall

Mean distance traveled (cm) 80 112 63 79 107 77 96
Mean translation error (cm) 19 14 15 28 21 31 2.5
Mean translation error (%) 231 252 251 268 216 3.63 2.61
Mean update time (ms) 84.0 832 855 86.0 86.0 81.3 86.9

Table 5.6: Comparison of PAS translation estimates compared to ground truth. \Alues
represent averages over all sequential motion estimates

PAS an unfair advantage in this evaluation, as PAS used the reénce orientations
directly. However, these results present possible best-egserformance for PAS given
a suitable inertial or image-based orientation estimator.

Method Datasets Translation (%) Time (s) Environment

PAS* 5-10* 0.91* 0.087 1 core @ 2.7 GHz
MFI 11-21 1.30 0.1 1core @ 2.2 GHz
TLBBA 11-21 1.36 0.1 1core @ 2.8 GHz
D6DVO 11-21 2.04 0.03 1core @ 2.5 GHz
GT VO3pt 11-21 2.54 1.26 1core @ 2.5 GHz
VO3pt 11-21 2.69 0.56 1 core @ 2.0 GHz
TGVO 11-21 2.94 0.06 1core @ 2.5 GHz
VOFSLBA 11-21 4.17 0.52 1 core @ 2.0 GHz

Table 5.7: Comparison of performance for PAS and a subset of single-core mett® as
reported on the KITTI dataset. *PAS was evaluated on datasets 5-10 due to the ge of
the ground-truth orientation information, while the remaining metho ds were evaluated on
datasets 11-21. As such, these results can only provide an illustrativeotnparison of the
performance. Additionally, the use of ground-truth orientation provid es an unfair advantage
to PAS given the orientation-sensitivity of the KITTI translation eval uation metric. As such,
these results suggest possible best-case performance for PAS wherrpdiwith a high-quality

orientation estimate.

Figure 5.21 shows the estimated trajectories using PAS (cyanyerlaid with the
ground truth camera trajectories (orange). As the ground trth orientations were
used for PAS, only translation errors are present.

This evaluation shows that visual odometry with Perspecti® Alignment Search
can be applied in feature-rich outdoor environments with arage translation errors
of 2.5% and average update times under the 100 ms runtime butlgéVhile the
environment is feature rich, the density of features can bewgtrolled through image
blurring and non-extrema suppression. This ensures that éhsearch is e ective at the
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coarsest levels, where a greater amount of dilation is presén the translation-image
pyramid.

5.2.6 Summary

Perspective Alignment Search (PAS) is a new method for e cientjoint alignment of
sparse point clouds and camera observations with unknown tdaassociation. PAS
employs a multi-scale translation search using a translat-image pyramid, a special
lookup table based on a bound on the projected motion of a mag, 3D point. This
results in a solution to the descriptorless motion estimain problem that is e cient
for a range of frame rates, and is not limited to high rate opation. It also yields
a robust method that is not susceptible to local minima in thecost surface, as it
employs a multi-scale branch-and-bound search.
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(a) Dataset 05 (b) Dataset 06

(c) Dataset 07 (d) Dataset 08

(e) Dataset 09 (f) Dataset 10

Figure 5.21: Ground truth and PAS trajectory estimates on the KITTI datasets. (or-
ange) Ground truth camera trajectory. (cyan) PAS trajectory estimate using ground truth
orientation. Grid lines spaced 100 m apart
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Chapter 6

Conclusion

Visual odometry is a powerful tool for the real-time estimatn of a robot's motion.
Estimating this quantity quickly and accurately is critical for other algorithms whose
analyses are predicated on the context these motion estineatprovide. This includes
algorithms for mapping, multi-robot collaboration, planring, and control.

6.1 Summary of the Thesis

This thesis has approached problems in robustness and matltogy for visual odom-
etry. We have demonstrated and evaluated methods that empianachine learning
to improve feature detection and description and have dewgled an alternate ap-
proach to visual odometry that casts the matching and motiorestimation problem
as a search. Due to the computational limits of a mobile rob@nd the timeliness re-
quired for online operation, this thesis has focused partitarly on real-time methods
and opportunities to employ vector instruction optimizatons.
The contributions of this thesis are:

" A method for learning feature detectors to optimize the performance of a visual
odometry system

As feature detectors are often designed by hand and later igi@ated into appli-

cations with diverse requirements and implementation traglo s, performance
can be improved by automatically optimizing detectors whd in use in the target
application. We described a method that utilizes random sapting to learn de-
tectors parameterized as convolutional Iters. This methd improves upon the
performance of learned Iters de ned by raw intensities usig frequency-domain
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parameterizations and by steering the focus of sampling Wit the frequency
domain using coe cient masks.

A suite of custom ground-truth datasets were used for ltertaining and evalua-
tion. We described a method to generate ground-truth, 3D cagna trajectories
using in-situ ducial markers. Experimental results show hat learned lIters
outperform a suite of linear and non-linear baseline methedacross this set of
diverse datasets.

A method for online feature descriptor learning that improves matching perfor-
mance through per-feature descriptor tailoring

Feature descriptors de ned by a set of pairwise intensity coparisons yield sub-
stantial runtime improvements over alternatives like SURF, bt are sensitive to
changes in viewpoint. We demonstrate this sensitivity andrppose a method
for online feature descriptor learning that customizes, otailors, the descrip-
tor sampling structure on a feature-by-feature basis. We deribe how this can
be e ciently integrated into a visual odometry pipeline, taking advantage of
the asymmetry in feature lifetimes in a keyframe-based apphtion. Through
evaluation on a standard dataset, we show that the applicatn of per-feature
learning improves matching precision and recall while maaining fast descrip-
tor extraction and matching runtimes.

An evaluation of detection and stereo matching for 1D edge features

Indoor environments are sometimes feature-poor with resgeto the point or

blob features needed by typical visual odometry applicatis. We argue for
the use of 1D edge features in a stereo context, turning a stercamera into
a fast, sparse 3D point cloud generator. We demonstrate thabtodern SIMD
processor optimizations can yield thousands of matches tvibw outlier rates in
only a few milliseconds. We evaluate this approach on stardia dense disparity
datasets and under synthetic image degradation.

A new approach to visual odometry that employs a multi-scale search over pose
to maximize the perspective alignment of two feature sets

Estimating motion with 1D edge features is complicated by #h indistinct ap-
pearance of neighboring detections. We propose a method tliarmulates the
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problem as a multi-scale search over the camera motion. Inishway, the data
association between features is implicit, arising as a rétsaf a proposed motion,
and the method is descriptorless, as the indistinct desctgrs are not used to
solve for the unknown motion of the camera.

The proposed algorithm, Perspective Alignment Search (PASgimpli es the

visual odometry pipeline by replacing the matching, outlierejection, and mo-
tion estimation stages of a standard pipeline with a singldgorithm. We derive

a bound on the perspective motion of a 3D point and show how #his used to
create the translation-image pyramid, a special lookup téb that enables the
multi-scale search in PAS. In contrast to descriptorless mebds that necessitate
high frame rates, we show that PAS operates e ciently over a wle range of
frame rates as a consequence of this multi-scale approach.

6.2 Directions for Future Research

The methods described in this thesis improve the performamof visual odometry
systems along multiple axes, from the features detected thi@ motion estimation
method, itself. Yet, there is still room for improvement.

" The detector learning method detailed in Chapter 3 explores large parameter

space, yet our results indicate that the best detectors arenavenly distributed
throughout this space. One of the successes of this work itrealization that
better detectors can be learned on a xed schedule by varyindpe range of
the sampled distribution. It may be possible to improve thedarning e ciency
further by automatically learning wherein the frequency space to draw samples.
For example, a small number of samples from any lobe in Figurel? should
allow characterization of the error distribution under a Gassian assumption.
This would support the a) use of fewer resourceb) use of larger datasets,
further increasing environment diversity, orc) expansion of the problem scope,
for example combining the detector and descriptor learningroblems.

This thesis demonstrates that a new algorithm, Perspectiv&lignment Search
(PAS), is applicable to the visual odometry problem. No work hebeen done to
apply this method to other domains. One suitable applicatiois highway vehicle
tracking. At highway speeds, yaw rates must be small due tontits on lateral
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acceleration that are necessary to maintain traction and ade comfort. This

suggests that a translation-only alignment provided by PAS auld be suitable

for inter-frame vehicle tracking. Further, it is arguable hat vehicle designs are
suited to the edge-based tracking presently demonstrated.

SLAM and localization methods are progressing toward longytm operation

over days or years, despite changes in lighting [72, 73, 7A4fastructure [75, 76].
Similarly, automated vehicles will need to operate in advee, winter weather
conditions. This calls for robust camera or LIDAR methods thacan pick

out the invariant data for localization. We argue that geomtey-based stereo
vision approaches [77, 66, 36] are well-positioned in thisgard, due to their
decreased reliance on the local appearance of features amel prevalence of ex-
isting, low-cost hardware. Avenues for research in this @iction include further

development of descriptorless perspective alignment meitts for the purpose
of localization, and development of learning-based apprm#es that exploit the

known geometry of the scene to focus attention on stable redace features.
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